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Episodic flooding, due to extreme sea levels, can have major impacts on low-lying ar-

eas where 10% of the total world’s population resides. Combined with climate change

induced sea level rise over the next century, the resulting impacts are likely to be exac-

erbated. One of the most obvious impact is the exposure of such areas to more frequent

and increased extreme sea levels resulting in enhanced inundation extent. Global as-

sessment of extreme sea levels together with the sea level rise component and their

impacts is critical to assess the resilience and vulnerability of coastal zones. The present

dissertation assesses these impacts on a global scale.

The historical values of tide, storm surge, wave setup are reconstructed from recent

reanalyses at global coastal locations. Both the sea levels and the extremes are rigorously

validated against quasi-global tide gauge records. To determine extreme values, a variety

of extreme value analysis methods are applied and compared against each other and

the tide gauge records. Future projections of the extreme sea levels are determined

in combination with sea level rise scenarios over the upcoming century. The extent of

present and future episodic flooding resulting from the corresponding extreme sea levels

are presented. The resulting impacts on the global population and assets at risk for

present conditions and under various combinations of future socioeconomic scenarios.

Global ”hotspots”, based on future changes in the flooding and extreme sea levels,

are identified in this study to demonstrate coastal areas which potentially will be the

most impacted by changes in extreme sea levels. These areas are mostly found to be

concentrated in north western Europe and Asia. The results show that for the case of,

no present/future coastal protection or adaptation, and a mean RCP8.5 scenario, there

will be an increase of 48% of the world’s land area, 52% of the global population and

46% of global assets at risk of flooding by 2100.
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Abstract ii

Regional and national analyses are conducted in order to highlight the values of both

Expected Annual Population Affected (EAPA) and Expected Annual Damage (EAD),

globally. In order to define a more accurate representation of the global coastal flooding

at the aggregated regions, estimated coastal defences are included under various socioe-

conomic narratives as well as possible adaptation strategies. It is shown that, by 2100

and without future adaptation, global values of EAPA are projected an increase by a

factor 3.6 in terms of people impacted. For global values of EAD, the increase relative

to present-day values is a factor of 25. It is also demonstrated that the change in the

subcontinental regions show significant variations when compared to the present values.

In particular, developing areas of Asia will experience significant impacts on both popu-

lations and GDP by 2100. These impacts of projected future flooding on the developing

world will be far greater than for the developed world.
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Chapter 1

Introduction

Coastal areas are one of the world’s most high-profile zones forming a vital component

of national and global economies. More than 600 million people reside in coastal regions

with an elevation less than 10 m above mean sea level (McGranahan et al., 2007) and 200

million people live within coastal floodplains less than 1 m above mean sea level, which

annually generate more than US $1 trillion globally (Milne et al., 2009). It is estimated

that these numbers will increase rapidly in the upcoming century. As maintaining safety

and operability of low-lying coastal areas is one of the top priorities of governments and

decision makers, both for the present and in the upcoming centuries, the effects of

climate change induced consequences on these regions needs to be investigated in depth.

Global mean sea level rise is one of the most obvious impacts of anthropogenic climate

change. Considering the impacts of such change is quite challenging due to the necessity

of considering long-term issues (Nicholls and Lowe, 2004). At a coastal location, sea

level rise may lead to subsidence, coastal recession and may decrease the efficiency of

coastal protection structures (Koroglu et al., 2019) rendering coastal areas increasingly

vulnerable to impacts of sea level extremes. Collecting data of past recorded impacts

and hindcast models, as well as modelling future projections are of great significance in

developing adaptation and mitigation strategies.

In recent decades, global mean sea level has been rising at a rate of ∼3–4 mm/year

(Vitousek et al., 2017; Watson et al., 2015; Yi et al., 2015) and the mean increase

for the last 20 years of the 21st century is estimated to be up to ∼1 m (0.26-0.98 m)

compared to the mean value of years 1986-2005 (Church et al., 2013a). Even if the

recommendations of the Paris Agreement are followed, the global mean sea level at the

end of the 21st century will be higher than present day and will continue to rise for all

CO2 projection scenarios (Nicholls, 2018). The main physical processes responsible for

global mean sea level change are thermal expansion of water due to ocean warming and

1



Chapter 1 – Introduction 2

water mass input from land ice melt and land water reservoirs (Nicholls and Cazenave,

2010). Past observations and studies have shown that thermal expansion was the top

contributor to global mean sea level rise (Nicholls and Cazenave, 2010). However, more

recent findings indicate that global mean sea level rise is now being dominated by the

sum of glacier and ice sheet contributions, with very high confidence (Oppenheimer et

al., 2019).

Sea level rise is not uniform at every location. It has been observed from satellite altime-

try that regional sea level varies due to non-uniform ocean warming, salinity variations,

solid Earth response to the last deglaciation and gravitational effects and changes in

ocean circulation due to ongoing land ice melting, freshwater input (Milne et al., 2009;

Nicholls and Cazenave, 2010; Solomon et al., 2007; Stammer, 2008; Wunsch et al., 2007)

and contemporary ice and water redistribution (Oppenheimer et al., 2019). In addition

to regional sea level change, vertical land motion due to tectonics, mantle dynamics or

glacial isostatic adjustment (Oppenheimer et al., 2019) cause relative sea level change,

i.e., sea level relative to a land benchmark. Relative sea level changes may also result

from land subsidence due to anthropogenic activities such as drainage and groundwater

fluid withdrawal over the 20th century (Nicholls and Cazenave, 2010). It is estimated

that regional sea level change deviates from the global mean by ±30% (Oppenheimer

et al., 2019), depending on the factors described above.

Local sea levels can be regarded as the time-averaged coastal water level fluctuations

comprising wave set-up, tidal level, wind forcing, sea level pressure, the dominant modes

of climate variability, seasonal climatic periodicities, mesoscale eddies, changes in river

flow, as well as anthropogenic subsidence (Oppenheimer et al., 2019). Extreme sea lev-

els occur when these local contributions are coincidental. For instance, simultaneous

occurrence of high astronomic tide levels with storm surge produced from atmospheric

pressure drop may cause extreme sea levels that are likely to result in coastal flooding.

Moreover, deep water wave heights tend to increase during storm conditions resulting

in higher breaking waves which lead to an increase in wave setup contributions to mean

sea level. Consequently, wave setup - the static component of wave run-up – may also

contribute to extreme sea level occurrence. This contributor can be estimated with sim-

plistic approaches as explained in detail throughout this thesis. Therefore, tide, surge,

wave setup and regional sea level rise can be considered as the main contributors to ex-

treme sea levels at a coastal location. Thus, broad investigations and extensive modelling

of these components are required for accurate estimation and future projections.

Regional relative sea level changes will exacerbate existing extreme sea levels which

already threaten low-lying coastal areas with significant levels of loss of life and damage

to property. Specifically, sea level rise at a coastal location intensifies the impact of
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extreme sea levels, which is most likely to exacerbate the episodic flooding extend and

associated risk. In addition, the increase in the sea level results in more frequent extreme

flooding events. In other words, what is presently seen as a rare extreme event may

become more frequent in the future. Recent findings show that even an increase of the

order of tens of centimetres of sea level change could impact the frequency of extreme

water levels significantly in the future [e.g., Vitousek et al. (2017), Vousdoukas et al.

(2018b), and Wahl et al. (2017)].

Rising sea levels, in combination with extreme seas expose low-lying coastal areas

through (i) the permanent submergence of land by higher mean sea levels or mean high

tides; (ii) more frequent or intense coastal flooding; (iii) enhanced coastal erosion; (iv)

loss and change of coastal ecosystems; (v) salinization of soils, ground and surface water;

and (vi) obstructed drainage (Oppenheimer et al., 2019). These consequences may have

both short-term and long term physical and socio-economic impacts to coastal zones

such as coastal infrastructure damage or the requirement for inland migration.

Extreme sea levels are very likely to result in episodic coastal flooding whilst exposing

the resident population and threatening assets. In order to comprehend the impacts

of these extreme events on the coastal zone, coastal flooding risk can be defined as

the vulnerability of the coastal areas to coastal hazards, in this case, extreme sea lev-

els. Changes in vulnerability and hazards directly affect the risk. Here, vulnerability

of a coastal community depends on the population exposed and potential damage to

flood-exposed assets such as infrastructure or private dwellings. Rising seas result in an

increase in the episodic flood risk while changing socio-economic parameters of coastal

areas render large uncertainties for future coastal flood risk. Increases in exposure due

to coastal flooding may have massive and irreversible consequences in the future un-

less necessary adaptation and mitigation measures are taken. These impacts can be

determined from the population exposed to extreme sea levels and the assets (infras-

tructure, transportation facilities etc.) affected in the coastal zone and the economic

consequences. Every year, it is estimated that a substantial portion of the global popu-

lation is affected, resulting in serious damage in the order of $US billions (Hinkel et al.,

2014). Hurricane Katrina, for example caused around US $110 billion in damages, more

than 1,800 deaths, and displaced 1.2 million people (Knabb et al., 2005). Therefore,

there is an urgent need to understand global scale sea level extremes to determine the

vulnerable “hot-spot” coastal locations and to develop coastal flood mitigation strategies

and awareness.

The economic impact of extreme sea levels and future sea level rise on coastal resources

greatly depends on the adaptation adopted, which is defined as “planned or unplanned

active or anticipatory, successful or unsuccessful response of a system to a change in
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its environment” (Tol et al., 2008). Without adaptation, the flooding risk will increase

in the coastal zones, irrespective of the location and the level of development (Oppen-

heimer et al., 2019). Therefore, there is an urgent need both for global and regional

scale assessments of coastal flooding and its socio-economic implications over the next

century. Global studies provide the first-order information for coastal areas that may

highlight potentially affected hot-spot locations and a global risk landscape of coastal

flooding impacts. On the other hand, regional studies deliver more detailed estimates

and projections for a specific coastal area and make possible an understanding of in-depth

behaviour of natural hazards. Therefore, it is necessary to improve our understanding of

the contributions to sea level rise and extreme sea levels on both small and large scales.

Although there are substantial uncertainties associated with future projections of sea

level rise, coastal adaptation is still feasible for the next century (Oppenheimer et al.,

2019) according to a number of past studies [e.g. (Hallegatte et al., 2013; Hinkel et al.,

2014; Schinko et al., 2020; Tiggeloven et al., 2020; Vousdoukas et al., 2020)].

This thesis aims to conduct global-scale assessments of future extreme sea levels under

a range of climate change scenarios. The inundation associated with these extreme sea

levels is estimated and the populations impacted and assets potentially at risk quantified.

An assessment of the impact of global-scale adaptation measures is also considered.

The main research objectives to be addressed in this thesis are as follows:

• Extreme sea levels for the present day and throughout the 21st century are inves-

tigated at the global scale. The resulting coastal flooding extent is translated into

impacts on the population and asset exposure.

• Importance of the phasing of the various contributors to extreme sea levels is

investigated. These contributors are tidal fluctuations, surge levels and breaking

wave setup. The relative contributions show that, tide and surge levels dominate

the extreme sea levels with wave setup making a minor contribution.

• Regional and relative sea level variations are introduced, and the relative impacts

of future changes in coastal flooding are shown at global coastal hot spots where

the largest relative change in the coastal flooding occurs.

• Relative impacts of the regional and relative sea level rise are compared to the

impacts caused by socioeconomic changes and presented as annual flood impact

parameters.

• National and large-scale regional implications of coastal flooding throughout the

21st Century are presented and relative national and regional changes are shown

to vary globally with the major impacts on the developing world.
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This thesis is arranged as follows. Chapter 2 provides an extensive literature review of

various approaches to sea level rise projection, extreme sea level estimation, contributors

and the effect of climate change on these contributors, previous global and large-scale

extreme sea levels, coastal flooding impacts and risk assessments. Chapter 3 describes

the datasets used in this study. Chapter 4 considers the global scale coastal episodic

flooding and exposure analysis over the 21st century and is based on the article (Kirezci

et al., 2020). Chapter 5 considers the global and regional analysis of the coastal flood

risk at present and future projections over the 21st century. It is based on the paper

that is in preparation for submission. Chapter 6 consists of conclusion of the thesis and

possible future work to carry forward this research.



Chapter 2

Literature on Sea Level Rise,

Extreme Sea Levels and Impact

Analysis

Global projections of sea level rise in combination with extensive modelling of extreme

sea levels provide a significant basis to understand the present and estimate the future

implications of coastal flooding on low-lying coastal areas and communities. Extreme

sea levels which occur infrequently at present are expected to be more frequent in the

future, which provides a significant challenge for coastal planners and decision-making

authorities. Therefore, past recorded data and the modelling efforts of present and future

sea level extremes are of great importance for providing estimates of coastal impact due

to extreme sea levels.

Total sea level at an arbitrary location and time is the combination of a variety of

components. The timing of these individual sea level components, as well as their

respective magnitudes will contribute to coastal flooding. Thus, it is a prerequisite

to define the individual components of the total sea level and investigate the response

with changing climate and to understand the interactions between those contributors to

accurately compute future sea levels and coastal flooding extent and impacts.

Growth of populations and assets, changing climate and land subsidence are the main

drivers of increasing flood exposure in coastal cities. Even though the flood probability

may be stabilized with adaptation, the flood risk can still increase due to socioeconomic

changes and land subsidence (Hallegatte et al., 2013). While there is a high uncertainty

for future projections of sea level rise, extreme sea levels and socioeconomic parameters,

it is necessary to attain a full understanding of the risk associated with climate change

driven sea level extremes.

6
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In this chapter, the first section is an extensive literature review of sea level rise trends

and projections by process-based and semi-empirical projections. The second section

consists of the literature on extreme sea level due to individual components and on

future change of these components due to climate change. Previous studies on the

non-linear relationship between extreme sea level contributors are considered and their

significance discussed. Previous publications on the quasi-global tide gauge database,

GESLA-2 (see Sections 2.2.6 and 3.5), which is used in this thesis to validate model

results is also provided. The third section is devoted to the previous studies on coastal

flooding, impact and risk analyses and potential adaptation strategies.
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2.1 Sea Level Trends and Future Projections

Sea level rise is one of the most obvious and concerning impacts of climate change. Sea

levels have risen by 20 cm since the late 19th century (Rahmstorf, 2007) and is projected

to rise with an increasing rate relative to the past observed period (of 1971-2010). The

main drivers of global sea level change are ocean thermal expansion and glacier melting

as a response to increasing greenhouse gas emissions (Church et al., 2013a).

Mean sea level change can vary substantially for different locations globally due to

oceanic movements, sea floor movements, and changes in gravity due to water mass

redistribution (Church et al., 2013a). Sea level can also vary due to rapid land movement

and human activities (i.e. groundwater extraction) resulting in variations in relative sea

level change.

In this thesis, global sea level changes are implemented using projections of regional

relative sea level rise, which was previously defined in (Church et al., 2013a).

A number of attempts have been made to investigate sea level change: making use of

previous sea level recordings and existing models. There are mainly two approaches

to estimate future sea level rise: (i) process-based models as defined in International

Panel on Climate Change Fifth Assessment Report (IPCC AR5), (Church et al., 2013a)

(e.g. Atmosphere-Ocean General Circulation Models and Geodynamic surface-loading

models) and (ii) semi-empirical (as defined in IPCC AR5) and probabilistic models as

defined in IPCC Special Report on the Ocean and Cryosphere in a Changing Climate

(SROCC) (Oppenheimer et al., 2019). Process-based models include the interaction of

atmospheric and oceanic circulation, systematic hydraulic phenomena among the oceanic

waters, and modelling of tectonic movements of both land and the ocean bottom. Semi-

empirical approaches consider changes in sea level as part of the entire climate system

whilst not considering the analysis by its individual physical components (Church et al.,

2013a). Probabilistic approaches consider the mean sea level change components as

probabilistic distributions, yielding a full probability distribution of the mean sea level

change (Oppenheimer et al., 2019).

In this section, literature on the approaches to the estimation and projection of sea level

rise, including both (i) process-based and (ii) semi-empirical and probabilistic models,

is described in detail.
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2.1.1 Process-based Models

Process-based models, as explained in detailed by (Church et al., 2013a), consider the

combination of various global mean sea level change contributors including thermostatic

expansion, ice mass loss from different glaciers, ice mass loss from the Greenland Ice

Sheet and the Antarctic Ice Sheet - often separated into East and West- and the contri-

bution from land water storage variations (Jevrejeva et al., 2019). Church et al. (2013a),

in IPCC AR5, have reported that the past global mean sea level rise has been 0.19 m

(0.17 m - 0.21 m) between 1901 and 2010 and is very likely to increase during the 21st

century.

Sea level rise differs from the global mean along distinct coastlines due to (Kopp et al.,

2014);

i. non-uniform changes in ocean dynamics, heat content, and salinity (Levermann

et al., 2005; Yin et al., 2009)

ii. perturbations in the Earth’s gravitational field and crustal height (together known

as static-equilibrium effects) associated with the redistribution of mass between

the cryosphere and the ocean (Kopp et al., 2010; Mitrovica et al., 2011)

iii. glacial isostatic adjustment (GIA) (Farrell and Clark, 1976) and

iv. vertical land motion due to tectonics, local groundwater, and hydrocarbon with-

drawal, and natural sediment compaction and transport (Miller et al., 2013).

Knowing the variations between the global sea level change patterns, regional relative

sea level change can be defined as the combination of the global sea level contributors

that are dependent on the oceanic-atmospheric variations as well as the human-driven

and tectonic land movements. To date, many studies have investigated the process-based

regional relative sea level rise at regional to global scale.

Regional studies include, Sallenger et al. (2012) who reported accelerated sea level rise

along the North American Atlantic coast due to steric and dynamic ocean processes.

Palanisamy et al. (2014) and Grinsted et al. (2015) calculated regional projections of

21st century sea level rise in Northern Europe with a probabilistic approach applied to

the sea level contributors. Recently, Mart́ınez-Asensio et al. (2019) gave estimates of

past and future relative sea–level changes at small islands in the South Western Tropical

Pacific region. This study also considered the potential impact of the contribution of

local vertical land motion on these trends, indicating that the relative sea level has

increased more than the global mean over this region. From tide gauges along the
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coastlines around the Bohai Sea, the Yellow Sea, the East China Sea, and the South

China Sea (the “China Seas”), Qu et al. (2019) investigated sea level rise including

the vertical land movements over the past observation period and provided projections

under mid and high-end RCP scenarios of 48–61 cm and 84–99 cm by 2100, respectively.

Globally, Church et al. (2013a) estimated that projections of regional sea level rise sub-

stantially deviates from the global mean (Figure 13.20 therein) according to an ensemble

of 21 CMIP5 models.They considered Representative Concentration Pathways (RCP)

2.6, 4.5, 6.0 and 8.5 and compared between the mean period 1986-2005 and 2081-2100.

DeConto and Pollard (2016) coupled ice sheet and climate dynamics models and found

that potentially, Antarctica may contribute more than 1 m to sea level rise in 2100.

Kopp et al. (2017) have considered an ensemble of Antarctic ice-sheet simulations incor-

porating these physical processes, to explore their influence on global and relative mean

sea level. They find a 21st century global mean sea level rise 146 cm under RCP 8.5.

Projections of sea level change based on process-based models have large uncertainties

due to the uncertainty span of the individual components considered. Nevertheless, to

date, estimates from the previous studies are mostly consistent amongst each other.

2.1.2 Semi-Empirical and Probabilistic Models

Semi-empirical models estimate future sea level changes by considering the whole

oceanic-atmospheric-cryosphere system. As previously noted, this approach does not

include the separate components of the physical contributors (i.e. thermal expansion

and glacier-ice sheet ablation) of the sea level change separately. Rather, this is a com-

plementary attempt to estimate sea level variation from observed data and projected

future atmospheric changes. The approach can be justified since the uncertainties in the

process-based models are quite large. Calibrating a portion of the past historical data

and validating against a recent time frame is one of the approaches used to estimate fu-

ture mean sea level height. Using this approach, Rahmstorf (2007) and Jevrejeva et al.

(2012) have calibrated and fitted separate observed datasets in order to determine the

model parameters required for sea level estimation, resulting in values of global mean sea

level rise by 2100 of 0.5 - 1.4 and 0.6 -∼1.7 m for each dataset. Vermeer and Rahmstorf

(2009) presented a substantial extension of the method proposed by Rahmstorf (2007)

and report a plausible approximation to future sea level response by testing on synthetic

and real data. Bittermann et al. (2013) studied twentieth century sea level tide gauge

recordings and proxy data. The authors showed that sea levels are predicted reasonably

well comparing against tide gauge sea level data.
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Probabilistic models are developed to provide the complete probability distributions of

sea level changes and can be advantageous for a quantitative risk management per-

spective (Oppenheimer et al., 2019). Moreover, probabilistic models bridge the gap

between process-based and semi-empirical projections while being computationally af-

fordable. Kopp et al. (2014) and Jackson and Jevrejeva (2016) investigated the recon-

struction of the sea level change components with a probabilistic approach incorporating

global spatial patterns of sea level change. Mengel et al. (2016) constrainted the ear-

lier semi-empirical sea level rise approach (Grinsted et al., 2010) by calibrating a set of

observations of sea level rise contributors. These contributors include: ocean thermal

expansion, mountain glacier loss, both Greenland and Antarctic Solid Ice Discharge and

Surface Mass Balance reconstructions. The results from this study give sea level rise

values overlapping with the IPCC AR5 values while accounting for the discrepancies

that might have been caused by the process-based models. Rasmussen et al. (2018)

determined probabilistic sea level rise projections for the 21st and 22nd centuries. The

authors reported that by 2100, global sea level rise projections are 48, 56 and 58 cm for

1.5°, 2.0°and 2.5°C global mean surface temperature stabilization, respectively.
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2.2 Literature on Extreme Sea Levels

Coastal areas are exposed to sea level fluctuations due to astronomical and atmospheric

variations with varying time scales, from seconds to multidecadal intervals. Extreme sea

levels occur due to unusually high combinations of sea level components with respect to

time-averaged mean sea values.

Extremes of sea levels that result in coastal flooding (or inundation) pose societal and

economic risks. Therefore, to determine the risks that are linked to these episodic floods,

to evaluate the consequences of such devastating events, to highlight vulnerable coastal

locations and to develop mitigation strategies (e.g. coastal adaptation), extreme sea

levels need to be sufficiently understood and analysed.

In the literature, extreme sea levels are extrapolated to future occurrences either from

observed tide gauge recordings [e.g., Tsimplis and Blackman (1997), in the Aegean Sea,

and Barbosa (2008), in the Baltic Sea] or from hindcast model simulations of storm

surge [e.g. Bernier et al. (2007), used a regional barotropic model in the NW Atlantic].

Whilst most of the studies assume stationary statistical behaviour [e.g., Brown et al.

(2013), Hauer et al. (2016), and Hinkel et al. (2010, 2014)] of atmospheric processes,

some include time-dependent changes [e.g., Mentaschi et al. (2016) and Vousdoukas et

al. (2017, 2018a,b)].

In this section, a detailed literature review is undertaken of the contributing components

of extreme sea levels derived from hindcast models and tide gauge records. In addition,

future changes of the sea level contributors due to climate change are considered and

the impacts of nonlinearity between the contributors. Moreover, the background to the

global GESLA-2 tide gauge dataset are discussed and methods for determining extremes

from timeseries of the total sea levels and sea level change impacts on extreme sea levels

are explained in detail.

2.2.1 Extreme Sea Level Contributors

Understanding coastal flooding due to extreme sea level behaviour requires analysis of

sea level timeseries and the components that make up the total sea level (TSL) and their

relative timing. For example, episodic flooding may not occur if low tide and storm surge

coincide, whereas the simultaneous action of high tide and storm surge may result in

significant coastal flooding.

Extreme sea levels are comprised of tide, storm surge, wave setup, contributions from

seasonal and climatic cycles (e.g. El Niño/Southern Oscillation and Pacific Decadal
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Oscillation) and oceanic eddies (Vitousek et al., 2017). However, as detailed in the

literature, the main contributors of an episodic flooding can be assumed as tide, storm

surge and wave-related components (Melet et al., 2018; Rueda et al., 2017; Vitousek

et al., 2017; Vousdoukas et al., 2018b).

Tides (or astronomical tides) are the deterministic components of sea levels. They

occur due to the combined effects of gravitational attraction and the revolution of the

Earth-moon system about its common centre of mass. These periodic changes of the

world’s oceans consist of a large number of constituents and mathematically can be

determined using harmonic analysis (What are tides? ). Tides can be predicted with high

reliability thanks to recent modelling techniques and computational advances (Haigh,

2017). Globally, a number of astronomical tide timeseries datasets from model hindcasts

with assimilated satellite altimetry and/or tide gauge data have been developed (e.g.,

FES 2014, TPXO9). In order to accurately estimate tidal levels at a coastal location,

tide models should perform adequately in the shallow waters, which is often a challenging

task, as tidal constituents depend on the coastal bathymetry and the oceanic shelf details

(Andersen, 1999; Piccioni et al., 2018). A recent global tide model - Finite Element

Solution 2014 (FES2014), which was implemented to determine global hindcast tides in

this study, has shown high accuracy in shallow water zones due to finer bathymetry and

its optimized assimilation scheme (Carrere et al., 2015; Seifi et al., 2019).

Storm surges are the sea level increase as a result of atmospheric pressure drop and wind

stress. Significant storm surges are often associated with the occurrence of tropical and

extratropical cyclones. This component of the extreme sea level may result in devastating

consequences of flooding especially if it coincides with high tide. To this end, storm

surge hindcasting and forecast modelling efforts [e.g., Bernier and Thompson (2006),

Bunya et al. (2010), Hubbert and Mclnnes (1999), Hubbert et al. (1991), Verlaan et al.

(2005), Westerink et al. (2004, 2008), and Yin et al. (2016)] are crucial to understand

the resulting exposure. Such predictions are important for the design of long-term

protection and mitigation measures, such as the construction of storm surge barriers or

early warning systems. A recent contribution to global storm surge hindcast models,

the Global Tide and Surge Model (GTSM) was introduced by Muis et al. (2016) and

is the first-of-its-kind global hydrodynamic approach consisting of the GTSM surge

heights and FES2012 tide levels, validated against the University of Hawaii Sea Level

Centre (UHSLC) tide gauge network dataset. An improvement of this global storm surge

modelling approach was conducted by Dullaart et al. (2020) using a recent successor of

the ERA-Interim wind fields (Dee et al., 2011), ERA5 (Hersbach et al., 2019) climate

reanalysis dataset. Within this new study, it was found that wind fields and associated

storm surges, especially smaller scale tropical cyclones are represented better as a result

of increased resolution.
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Breaking wave setup and swash are the components that result from wave action, al-

though the latter is typically omitted in global studies (Aucan et al., 2019; Muis et al.,

2016; Vousdoukas et al., 2018b). In particular, wave setup is the static rise of the water

level with respect to mean sea level due to breaking of the waves. It can be further

defined as the time averaged elevation of the water level with respect to mean sea level

due to wave breaking and it is dependent on the deep-water significant wave height,

wave period and nearshore bed slope at a coastal region (Stockdon et al., 2006). There-

fore, this component varies significantly depending on the details of the coastal location

and the wave conditions. This results in significant uncertainties both temporally and

spatially in the determination of setup.

To date, wave setup has been investigated theoretically (e.g. Longuet-Higgins and Stew-

art (1962, 1964), Longuet-Higgins and Stewart (1963), and Svendsen (1984)), under lab-

oratory conditions [e.g., Battjes (1973), Bowen et al. (1968), Hedges and Mase (2004),

Nielsen (1989), and Stive and Wind (1982)] and field conditions [e.g. Davis and Nielsen

(1989), Guza and Thornton (1981), Hansen (1978), Hanslow and Nielsen (1993), Holman

and Sallenger Jr (1985), King et al. (1990), Nielsen (1988), Raubenheimer et al. (2001),

Ruggiero et al. (2001), Stockdon et al. (2006), and Yanagishima and Katoh (1991)].

Comprehensive numerical models to estimate wave setup are reported in the literature

[e.g., Kobayashi and Wurjanto (1992) and Larson and Kraus (1989)]. These studies

indicate that wave setup can affect both short-term sea level fluctuations and extreme

sea levels and hence can impact long-term estimates of extreme sea levels.

Following the Shore Protection Manual (SPM, 1984), the ratio of wave setup (WS) to

offshore significant wave height (Hs0), S/Hs0, can be evaluated as a function of wave

steepness and bed slope. Stockdon et al. (2006) have given an empirical formula for

wave setup which is again depending on the foreshore bed slope, deep water wave height

and wave length as given in Eq. 2.1.

WS = 0.35βf
√

(Hs0L0) (2.1)

Here, WS is wave setup, βf is bed slope, H0 is the deep-water significant wave height and

L0 deep water significant wavelength.Bed slope was calculated from an offshore depth

equal to 2H0 to the shoreline (Dean et al., 2005).

For large-scale spatial analyses, computation of wave setup is challenging as this com-

ponent is highly dependent on the bed slope which can vary considerably both spatially

and temporally. Hence, this quantity is difficult to measure on large spatial scales. From

a global perspective, a first attempt to account for wave setup impacts on extreme sea

level was given by Vousdoukas et al. (2018b) who considered wave setup as a function
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only of the deep-water significant wave height (i.e., S=0.2Hs0) given by the Coastal

Engineering Manual (US Army Corps of Engineers, 2002). This approach overcomes

the challenges of defining nearshore bed slope on a global scale but ignoring this func-

tional dependence obviously limits the accuracy of the approach. In a recent attempt

to determine global wave setup, Melet et al. (2018) investigated the impact of the wave

setup and swash contributions to total sea levels and concluded that these components

can strongly dampen or enhance the effects of coastal sea level changes. However, in

this study, the global bed slope was assumed to be constant globally and taken as 0.1

which results in quite large wave setup heights when compared to smaller bed slopes

and may be misleading when considering the world coastlines (Aucan et al., 2019). A

recent publication from Athanasiou et al. (2019) introduced a global bed slope dataset

showing that the mean bed slope value of the global distribution is approximately 1/100.

It should be noted that the SPM approach (SPM, 1984) is less dependent on bed slope

than that of Stockdon et al. (2006).

Swash is the non-stationary component of wave run-up, defined as the location of the

intersection between the ocean and the beach (Stockdon et al., 2006), which depends

on the beach foreshore topography (Vitousek et al., 2017). As this wave-driven sea

level component is highly dependent on spatial and temporal parameters, the scarcity

of detailed information on these parameters makes it challenging to compute wave run-

up globally. In addition, swash (wave runup) does not result in a static elevation in

the mean sea level (unlike setup). Therefore, in this study, only the static rise of wave

run-up (i.e. wave setup) is considered.

Accurate estimation of these components is of importance in modelling extreme sea

levels. Global models of these components (such as the ones that are used in this thesis)

present a broad picture of the historical, present and future estimates. These estimates

can then be used to define and highlight the most vulnerable coastal locations, subject

to high extreme sea levels. However, in order to conduct such large-scale assessments,

there are some trade-offs between spatial and temporal resolution and the computational

efficiency which must be made. As explained throughout the present section, all of

these parameters depend on localised and regional characteristics of the coastal area,

such as particular coastal topography or on the larger scale, continental shelf details.

Downscaling from a coarser to a finer resolution at those scales may result in large errors.

However, thanks to recent improvements in data analysis techniques and computational

efficacy, techniques such as data assimilation using altimeter and measurement data to

improve data accuracy are continuously being developed.
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2.2.2 Future Changes in Surge Heights due to Climate Change

The field of study of future changes of surge height is still an evolving area. To date,

the literature is split between two views; either predicting future change of the surge

heights or assuming a negligible change of the storm surge height along the coastlines,

especially when mean sea level change is considered. Moreover, there are significant

regional differences of the effects of climate change on projected surge heights.

As previously mentioned, storm surge is the rise of the sea level with respect to the mean

as a result of the atmospheric pressure drop and wind stress. Also, the sea level increase

due to storm surge is dependent on the coastal bathymetry. There is a considerable

amount of literature on projections of changes of storm surge levels, storm frequency and

changes of storminess during an era of climate change. A range of studies have concluded

that there will be an increase either in the storm surge height and/or the surge frequency.

Wang et al. (2008) studied the influence of anthropogenic climate change on storm surges

over Irish waters, particularly on extreme sea levels. Model results showed an increase

in the frequency of storm surge events and extreme storm surge heights. Debernard

and Røed (2008) investigated changes in wind speed, significant wave height and storm

surge for a region covering the northern North Atlantic seas (covering the Norwegian,

Greenland and Iceland Seas, together with its adjacent North and Barents Seas) and

found a statistically robust storm surge height increase along the Eastern North Sea

coast and Skagerrak by the 2071-2100 period. Lin et al. (2016) predicted both sea level

rise and potential climatology changes over the 21st century. They concluded that,

with an RCP 4.5 emissions scenario, the storm surge height observed during Hurricane

Sandy would occur as frequent as 3 to 17× times greater by 2100 (compared to 2000).

Vousdoukas et al. (2016b) shows an increasing tendency in extreme storm surge levels

along European coastal locations by 2100 assuming RCP 4.5 and RCP 8.5. Sobel et al.

(2016) studied projections and recent historical trends of tropical cyclone activity and

concluded that there will be storm intensity increases, despite lower confidence in recent

trends. Therefore, tropical cyclone induced storm surge increases would compound

mean sea level rise. A recent global study by Mori et al. (2019) investigated long-term

projections of storm surges using an ensemble of atmospheric global circulation models

and a statistical storm surge model. The authors projected an increase of 10% - 30% in

storm surge magnitude in the mid latitudes (15°- 35°N) and a decrease in the Southern

Hemisphere.

On the other hand, a range of model studies have shown insignificant projected changes

in storm surge heights, especially when comparing to the magnitude of projected mean

sea level rise. Sterl et al. (2009) concluded there was no statistically significant change

of surge height at Dutch coastlines using a large-member ensemble of climate change
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simulations for the period 1950-2100. Menéndez and Woodworth (2010) analysed the

historical (from 1970 onwards) quasi-global tide gauge data network and concluded that

there was only a slight to negligible increasing trend in storm surges that contribute to

extreme sea levels when the sea levels are detrended from the mean sea level. Zhang

et al. (2000) found no discernible trend in storm frequency and intensity that would

impact storm surge heights obtained from tide gauge records of Atlantic coasts of the

United States. In the Northwest Atlantic, Bernier and Thompson (2006) have found

a slight negative trend of extreme storm surges over a period of 40 years (1960-1999)

concluding that over the next century, the main driver of the increase in the flooding

risk will be sea level rise. Colberg and McInnes (2012) showed that projected changes of

extreme sea levels between 1981-2000 and 1981-2000, is small (within the range of 10 cm)

relative to mean sea level change and mainly negative across the southern Australian

coast. Church et al. (2013a) reviewed a number of studies and concluded that sea level

extremes are very likely to increase in frequency in some regions by 2100 and with high

confidence an increase will occur to mean sea level. They also conclude that the effects of

the changes in storminess and the storm surge height variations for the next century are

yet to be fully understood. Similarly, Garner et al. (2017) concluded that, for New York

City, sea level rise is the dominant component responsible for the projected increase in

the flood risk, while variations in storm surge height were projected to be minor from

2010 to 2100, or 2300, downscaled from RCP 8.5 simulations from three CMIP5 models.

Palmer et al. (2018) suggest that the best representation of the storm-surge contribution

to extreme sea level increase is “no change” over the 21st century under RCP 8.5 from

an ensemble of storm surge simulations around the coast of the United Kingdom with

similar findings from Howard et al. (2019).

In conclusion, although there is a large amount of literature on potential change of storm

surge heights, and its potential to change the extent of future coastal flooding, there is

not a clear consensus on whether such increases will be significant.

2.2.3 Future Changes in Waves due to Climate Change

Wave height impacts extreme sea levels through wave setup which may potentially have

significant impacts during extreme conditions. Therefore, like storm surge, changes in

future wave climate may impact extreme sea levels. There are relatively few studies

investigation both historical changes in wave height and potential future changes. Mori

et al. (2010) found an increase in the mean wave height in the mid-latitudes and the

Antarctic Ocean and a decrease at the equator. An international collaborative project

on waves and coastal hazards, ”The Coordinated Ocean Wave Climate Project (COW-

CLIP)” was established to developed a consistent international view on wave climate
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changes. Based on this project, Hemer et al. (2013) found a projected decrease in an-

nual mean significant wave height over 25.8% of the global ocean area and a decrease

over 7.1% of the global ocean. The increases were largely concentrated in the Southern

Ocean. Morim et al. (2019) have investigated projected changes in global wave climate

by 2100 under RCP8.5 and showed increases in 99th percentile and 100-year return pe-

riod significant wave height of up to 15%, again, mainly in the Southern Ocean. In

a recent study, Young and Ribal (2019) examined a 30-year historical global satellite

altimeter dataset which demonstrates that there have been small increases in mean sig-

nificant wave heights. However, larger increases in extremes were noted, with the largest

increase occurring in the Southern Ocean. Meucci et al. (2020) used an ensemble of cli-

mate model runs to show small increases in 100-year return period wave heights by 2100,

particularly in the Southern Ocean. However, wave setup is only a small fraction of the

significant wave height globally (10-20%), therefore, the actual impact on extreme sea

level compared to mean sea level rise will be small. As a result, it is reasonable to assume

that future changes in global wave climate will have small impact on global scale extreme

coastal flooding, especially when uncertainties related with implemented datasets and

computational approaches are considered.

2.2.4 Estimating Extreme Sea Levels from Hindcast Models

Predicting extreme sea levels can be challenging due to the complex and irregular nature

of shorelines. To analyse the extreme sea level behaviour, it is essential to understand

the sea level timeseries. Therefore, an understanding of the extreme sea level contrib-

utors and appropriate assumptions, and the approximations needed to model then at

the different scales is important. Numerous studies have assumed a linear relationship

between the sea level components in order to determine the total sea level timeseries,

especially for continental to global scale estimations [e.g., (Muis et al., 2016; Rueda

et al., 2017; Vousdoukas et al., 2017, 2018b)]. In order to determine the total sea level

(TSL) at an arbitrary time (t), the relationship can be defined as in Eq. 2.2.

TSL(t) = T + S +WS (2.2)

Here, (T) is tide level, (S) is surge level and (WS) is wave setup.

Although the linear summation assumption in Eq. 2.2 is commonly used to compute

extreme sea levels on a global scale, this assumption may lead to significant errors for

specific locations. In such cases a more detailed approach, including the non-linear

nature (see Section 2.2.5) of those components may be necessary. Thus, there have
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been a number of efforts to calculate sea level contributors which include the interaction

of these three components of total sea level. (Olbert et al., 2013) applied the joint

probability method described by Pugh and Vassie (1980) and revised by Tawn (1992) to

estimate the extreme sea levels due to astronomical tides and surges. Vousdoukas et al.

(2018b) have determined extreme sea levels from the joint occurrence of the high tide

levels with storm surge and wave setup action. Marcos et al. (2019) recently examined

the significance of the dependence between extreme storm surge and wave setup on

extreme sea levels globally. These studies show the impact of the combined actions of

sea level contributors on extreme sea levels at specific at specific locations. Although

the impacts at specific locations can be significant, the previous results indicate that

at the global scale the linear assumption of Eq. 2.2 is reasonable [e.g. Howard et al.

(2010, 2019), Losada et al. (2013), Lowe and Gregory (2005), Sterl et al. (2009), and

Vousdoukas et al. (2016b, 2018b)].

2.2.5 Nonlinearity between sea level components

The contributors to extreme sea levels: tide, surge, wave setup and sea level rise, can

interact non-linearly, which may potentially create substantial differences from Eq. 2.2

spatially and temporally from the coastal risk point of view. This nonlinear dependence

between the extreme sea level contributors can be modelled either separately or collec-

tively (i.e., tide-surge interaction, tide-surge-wave interaction, sea level rise impacts on

extreme sea levels). Such impacts become more important as the water level decreases.

For example, as the tidal stage changes, so does the water depth which effects the wave

setup and storm surge magnitude. A similar behaviour happens with annual to mul-

tidecadal mean sea level variations. Therefore, extreme conditions are expected to be

increasingly affected due to changing sea level that can potentially increase nonlinear

variations to the resulting coastal impacts. Howard et al. (2010) investigated the influ-

ence of mean sea level changes, supporting the linear summation of mean and extreme

sea level changes at the southern North Sea and the Thames estuary. Arns et al. (2015)

investigated the nonlinear impact of sea level rise on extreme sea levels in the German

bight and found a slight increase in return period water levels compared to sea level rise

alone. Arns et al. (2017) emphasized the significance of changes of wave characteristics

due to sea level variations and to a lesser extent, tides and indicated a 50% increase of

the design extreme sea levels relative to design changes caused by sea level rise alone.

On the other hand, a number of studies have not detected a significant variation of the

extremes due to the interaction between the contributors. This occurs, as non-linear

impacts appear to depend on the scale of the study. That is, the impacts are larger

at the regional scale than at national or global scales. Sterl et al. (2009) investigated
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nonlinear effects between sea level rise, tide and surge and found no significant increase

in surge level due to sea level rise while showing the nonlinear interactions between tide

and surge manifested as a damping effect of the tide on the total water level. Hunter

(2010) indicated that the most impactful contributor to extreme sea levels is the mean

sea level rise.Woodworth et al. (2016) confirmed that the nonlinear effects are mainly

region dependent. Based on these studies, we can conclude that, at the global scale,

nonlinear interactions can be assumed to be negligible considering the uncertainties of

global scale extreme sea levels.

In summary, with the present accuracy with which the components contributing to

extreme sea level can be calculated, it is reasonable to assume that, at the global scale,

a linear approximation such as Eq. 2.2 is a reasonable representation for extreme sea

levels.

2.2.6 Background to the GESLA-2 Tide Gauge Dataset

Historical information on sea level variations from tide gauge recordings is important,

particularly for the computation and validation of extreme sea levels and sea level rise

projections. High frequency (hourly) sea level data is required for the calculation of ex-

treme sea levels, ocean tides, storm surges, and other coastal processes on a quasi-global

basis (Woodworth et al., 2016). Both historical investigations and future projections of

sea level rise can be determined from low frequency (monthly, annually) sea level fluc-

tuations. The Permanent Service for Mean Sea Level (PSMSL) collects and distributes

low frequency sea level data (Holgate et al., 2013).

Since our concern in this thesis is to determine, validate and implement projections of

extreme sea levels on a global scale as a coastal flooding hazard, a higher frequency

sea level dataset is required. The Antarctic Climate and Ecosystems Cooperative Re-

search Centre (ACE CRC) and the Proudman Oceanographic Laboratory have collated

a quasi-global sea level dataset called the “Global Extreme Sea Level Analysis Version

1 (GESLA-1)” (Menéndez and Woodworth, 2010). GESLA-1 comprises a total of 675

individual tide gauge records with 21,197 station-years of data. This dataset was sub-

sequently extended with a further almost decade of data to develop GESLA Version 2

(GESLA-2), which has 1,355 station recordings and 39,151 station-years of information

with a temporal resolution of 1-hour (Woodworth et al., 2016).

A number of regional and global studies have been undertaken based on the GESLA-

2 tide gauge dataset for various coastal applications. Previous studies include global

extreme sea level uncertainties (Wahl et al., 2017), storm surge construction and extreme

sea level estimation in South East Asia (Cid et al., 2018), validation of a coastal database
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for the Mediterranean region (Wolff et al., 2018), analysis of tidal variability along

North Atlantic coasts (Devlin et al., 2019), validation of the sea level impacts on tidal

characteristics around Australia (Harker et al., 2019), and development of a global tidal

constants database (Piccioni et al., 2019).

2.2.7 Methods to Estimate Extreme Sea Levels

Extreme sea levels, as with most extreme events, can be expressed in terms of the return

periods of the events. Here, an extreme sea level with a return period of, for example,

100 years is the event which could be expected to occur once in 100 years. The reciprocal

of this value is the probability of occurrence (0.01 in this case). Although there is not

a universally accepted approach to determine extreme sea levels (Arns et al., 2013),

the most common approach is to apply Extreme Value Theory (EVT). EVT requires

an analysis of the probability of occurrence of maxima of the sea levels, obtained from

historical recordings or hindcasts. Two methods are commonly applied to determine

maxima: block maxima (e.g. annual maxima) and the peaks over threshold methods

(Coles, 2001).

Coles (2001) has shown that block maxima data (i.e. data for which maxima from blocks

of time are selected) will follow a General Extreme Value (GEV) probability distribution.

The GEV is a three-parameter probability distribution. The distribution function (G)

for the GEV can be defined as in Eq. 2.3.

G(z) = exp

{
−
[
1 + ξ

(
z − µ
σ

)]−1
ξ

}
(2.3)

defined on the set {z : 1 + ξ(z − µ)/σ > 0} where the parameters satisfy −∞ < µ <∞,

σ > 0 and −∞ < ξ < ∞. Here, µ is the location parameter, σ is the scale parameter

and ξ is the shape parameter.

A simplification of this approach is to fit the two-parameter (i.e., location µ and scale σ)

Gumbel distribution given in Eq.2.4 to annual maxima data. Here, ξ (shape) parameter

is set to zero.

G(z) = exp

[
− exp

{
−
(
z − µ
σ

)}]
(2.4)

Estimates of extreme quantiles of the annual maximum distribution are then obtained

by the Eq. 2.5
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zp =

µ− σ
ξ

[
1− y−ξp

]
, ξ 6= 0

µ− σ log yp, ξ = 0
(2.5)

where yp = − log(1− p) and G(zp) = 1− p. Here, zp is defined as the return level asso-

ciated with the return period 1/p and the level zp can be approximated to be exceeded

on average once every 1/p years.

The Gumbel distribution can be fit to annual maxima values from the sea levels com-

prised of surge and tide components (Wahl et al., 2017). For example, Muis et al. (2016)

calculated extreme sea levels from modelled surge and tide heights using a Gumbel dis-

tribution with annual maxima data. Wahl et al. (2017) used a Gumbel distribution as

well as other forms to be fitted to GESLA-2 tide gauge dataset.

An alternative to annual maxima is to include several maxima levels (r-largest method)

from each block. As the GEV has an additional fitting parameter compared to the

Gumbel distribution, it will generally fit the data better. The GEV has been applied

to both r-largest and block maxima sea levels in the literature ((e.g., Menéndez and

Woodworth, 2010; Vitousek et al., 2017; Wahl et al., 2017)).

One of the strengths of block maxima approaches is that it is relatively easy to show that

the data are statistically independent (a requirement of EVT). That is, each maximum

is clearly associated with a separate meteorological event. However, the use of annual

maxima means that there are generally relatively few points in the resulting probability

distribution function (e.g. 30 values for a 30-year time series). An alternative which

can address this issue is the peaks-over-threshold (POT) method, which considers all

independent storm peaks that are above a defined threshold level. There is no globally

accepted threshold selection method although there are some rule-of-thumb methods

(Coles, 2001) or the use of a higher percentiles of the data. Data selected from a

peaks-above-threshold (POT) approach can be shown to follow a Generalized Pareto

Distribution (GPD) as the distribution function given in Eq.2.6.

H(y) = 1−
(

1 +
ξy

σ̄

)−1
ξ

(2.6)

defined on {y : y > 0 and (1 + ξy/σ) > 0} where σ̄ = σ + ξ(u− µ).

The GPD family has two variations: 3-parameter Generalized Pareto Distribution

(GPD) (location, scale and shape) and the 2 parameter Exponential Distribution (EXP)

(location and scale). EXP becomes as in Eq. 2.7 with ξ = 0.
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H(y) = 1− exp
(
− y
σ̄

)
, y > 0, (2.7)

Recent studies adopting the GPD approach to determine extreme sea levels include: for

various regional studies such as for the contiguous coastline of the US (Buchanan et al.,

2017; Tebaldi et al., 2012) south coast of Sweden (Fredriksson et al., 2016) and for global

analyses (Rasmussen et al., 2018; Wahl et al., 2017). Recently, Rasmussen et al. (2018)

also conducted a quasi-global analysis of changes in the frequency of extreme sea levels

using the University of Hawaii Sea Level Center tide gauge locations using the GPD.

The Exponential Distribution is widely used for many environmental studies, although

the method has had only limited application for sea level extremes. A few examples

include: the study of (Bardet et al., 2011) for the French coastline and (Proske and

Gelder, 2006) for the Dutch North-Sea.

EVT analyses such as those described above have uncertainties associated with how well

the chosen probability distribution function fits the data and the extent to which the

data must be extrapolated to obtain the desired return period (i.e. obtaining a 100-

year return period from 30 years of data). Hence, the uncertainties associated with the

chosen extreme value analysis methods can be large. These uncertainties are exacerbated

when the uncertainty associated with projected means sea level rise is added. A global

analysis of the uncertainty may be necessary to prevent maladaptation of the coastal

communities (Hinkel et al., 2015; Jones et al., 2014; Wahl et al., 2017). In a global study

of the uncertainties of the extreme sea level methods and models, Wahl et al. (2017)

investigated the uncertainties across 20 different extreme value models. These models

include the Generalized Extreme Value Distribution with r-largest methods and the

Generalized Pareto Distribution fitted to peaks over threshold data and applied to quasi

global tide gauge records. They found that the 5%-95% uncertainty spans at many sites

along the US west coast, South America, Mediterranean, and parts of Australia extend

from less than 10 cm to more than a meter at US east coast, East Asia and northern

Europe. This study shows that narrowing the span of uncertainties is a crucial step for

conducting global sea level extreme analyses that are impacting adaptation assessments.

2.2.8 Effects of Sea Level Change on Extreme Sea Levels

One of the significant impacts of sea level rise on the extreme sea levels is that the

frequency of flooding events will increase. In other words, due to projected sea level rise,

the return period of a given extreme sea level could be reduced significantly by 2100.

The return periods of extreme sea levels have already changed in recent decades due to
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sea level rise and there is good evidence this will continue in the future (Oppenheimer

et al., 2019).

To date, there have been regional, national and global studies that indicate that the

extreme sea level frequency is increasing due to increasing sea levels. Densely populated

cities, e.g. New York City, are particularly vulnerable to such increase of flooding

frequency and attract high attention. Cooper et al. (2008) found that the New Jersey

area in 2100 with a benchmark values of 4 ft (1.22 m) is predicted to be flooded 20

times more frequently compared to the presence day. Tebaldi et al. (2012) investigated

the impact of sea level rise on extreme sea levels and frequencies at the coastlines of the

United States, with the majority of locations showing substantially higher frequency of

previously rare storm-driven water heights in the upcoming decades. Sweet and Park

(2014) documented that nuisance flooding (that is lesser extremes) is increasing and

varying spatially due to sea level rise and its distribution along US coasts. Garner et al.

(2017) indicate decreasing return periods in a similar pattern: what used to be a 500-

year flood height had reduced to 25-years in 2017. It was predicted to decrease further

to 5-years by the mid-21st century. Reed et al. (2015) also indicate that what used to be

500-year return period flood has now become as frequent as a 25-year return period flood

for New York City. Church et al. (2006) studied extreme sea level frequency along the

coast of Cairns, Australia, finding the 100-year return period flood event will decreased

to a 40-year event for the 2050s, assuming a modest sea level rise (from past sea level

data) and a possible cyclone intensity change. They also predict 0.2 m of SLR and a

10% increase in storm wind speeds. Paprotny and Terefenko (2017) reported that an 0.5

m sea level rise will double the number of inhabitants and assets flooded in Poland while

1 m of sea level rise will triple the impact, in a 100-year flood zone. Buchanan et al.

(2017) estimated a median 40-fold increase in the expected annual number of 100-year

floods for tide gauge locations along the contiguous US coastline by 2050 and 3467-fold

increase by 2100 under RCP 8.5. Recent improvements in computational power have

made global assessments of extreme sea level and SLR impacts possible. A recent global

study conducted by Vitousek et al. (2017) concluded that by 2050, in the tropics, 10

to 20 cm sea level rise will double the frequency of flooding. According to the IPCC

SROCC Chapter 4 (Oppenheimer et al., 2019), sea level rise is clearly affecting the

frequency of extreme sea levels. Further, the most affected locations are concentrated

in low latitudes where historical sea level variability due to tides and surges is lower.

Therefore, sea level variations, and sea level rise needs to be carefully assessed over the

next century, as studies indicate that even smaller increases in sea level may result in

significant consequences.
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2.3 Previous Studies on Coastal Flooding Hazard Assess-

ments, Exposure and Risk Analysis

Increases in exposure due to coastal flooding hazards may have massive and irreversible

consequences in the future, unless necessary adaptation and mitigation measures are

taken. These impacts can be determined from the population exposed to extreme sea

levels and the assets (infrastructure, transportation facilities etc.) affected in the coastal

zone and the economic consequences. Therefore, economic impact and risk assessment,

which depends on extreme sea levels, climate change driven sea level rise or a combination

of both is of significance from a socio-economic point of view. Within the scope of such

assessments, the ”flood risk” can be defined as the product of the following parameters:

”hazard”, which is the probability of a flood event, ”exposure”, which can be defined

as the population and value of assets subject to flooding and ”vulnerability”, which is

the capacity of a society to deal with the event (Jongman et al., 2012; Kron, 2005).

The coastal impact analyses aim to identify the areas which may experience the highest

increases in the flooding risks.

In this section, previous studies on coastal flooding hazard assessments, population

and asset exposure analyses, the DIVA model and future adaptation implications are

explained in detailed.

2.3.1 Coastal Flooding Hazard Assessments

Coastal flooding occurs due to unusual sea levels [i.e. extreme sea levels and hazards

can here be defined as the threat posed by natural processes that cannot be influenced

(Kron, 2013)] in this thesis, defined as extreme sea levels. As a result of projected climate

change induced sea level rise, the frequency of coastal extremes is estimated to increase,

which will result in an increase of the episodic flooding frequency and flooding extent

in low-lying coastal areas. Therefore, it is important to understand and accurately

estimate the coastal flooding hazards in order to assess coastal flooding risks. Many

national and quasi-global to global extreme sea level analyses have been conducted with

or without considering the change of storminess and sea level changes. These studies

have used either hindcast models or actual recordings. Globally, extreme sea levels have

been determined from model results (Muis et al., 2016; Rueda et al., 2017; Vitousek

et al., 2017; Vousdoukas et al., 2018b) and from extensive tide gauge records (Menéndez

and Woodworth, 2010; Wahl et al., 2017). These studies present global variations and

frequencies of extreme sea levels, highlighting the significance of extreme sea levels both

for present and future climatic conditions.
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2.3.2 Coastal Flooding Exposure Analyses

Sea level extremes, mainly generated by storms and wave action, have significant im-

pacts with respect to coastal vulnerability and to efforts that are taken to increase the

resilience of the affected coastlines. McGranahan et al. (2007) emphasize the fact that

although the low elevation coastal zone accounts for only about 2 per cent of the world’s

land area, about 10 per cent of the world’s population live in this zone. Therefore, while

projected sea level rise will have impacts on future extreme sea levels, depending on

the future atmospheric and oceanic climate variations, future socioeconomic scenarios

might be as important as the climatic changes in determining the vulnerability to the

coastal flooding. Recent studies show that socioeconomic changes alone can have signif-

icant impacts on coastal flooding exposure (Hauer et al., 2016; Jongman et al., 2012).

By 2050, for instance, projected socio-economic change alone will increase the average

global expected annual damage almost ninefold (Hallegatte et al., 2013). To this end,

efforts to quantify future socioeconomic development is important in identifying pro-

jected risk. Shared Socioeconomic Pathways (SSPs), as extensively described by Riahi

et al. (2017), comprise five alternative socioeconomic development scenarios and a set

of driving forces that quantifies energy and land-use developments and associated un-

certainties for greenhouse gas and air pollutant emissions by 2100. Such socioeconomic

development assessment allows further determination of the necessary adaptation and

impact dimension. These SSP scenarios have also been used with the new generation of

earth system models as part of the 6th climate model intercomparison project (CMIP6)

(O’Neill et al., 2016).

Hallegatte et al. (2013) determined the present (2005) and future coastal flood losses for

the world’s 136 largest coastal cities accounting for present (2005) and future coastal

flood defences and considering combinations of future sea level rise scenarios and socioe-

conomic changes as well as a variety of adaptation approaches. The findings show that

the average global flood losses will increase by $ 46 billion US with socioeconomic changes

alone by 2050, and that existing coastal protection needs to be upgraded to avoid losses

of more than $ 1 trillion US. Hinkel et al. (2014) conducted global scale coastal flood

damage and adaptation cost analyses by taking into account SLR scenarios from a va-

riety of climate models, topographic data (Shuttle Radar Topographic Mission, SRTM;

and Global Land One-kilometre Base Elevation, GLOBE) and population data (Global

Rural–Urban Mapping Project, GRUMP and LandScan) and determined the required

adaptation with two different approaches (taking dike height constant and increasing

dike height with respect to socioeconomic changes). This study shows that, without

adaptation, 0.2-4.6% of the global population is expected to be exposed to coastal flood-

ing annually in 2100 with corresponding expected annual damage reaching as high as
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0.3-9.3% of global gross domestic product.

2.3.3 Coastal Flood Risk and Impact Analyses based on DIVA Model

Introduced by Vafeidis et al. (2008), the Dynamic and Interactive Assessment of Na-

tional, Regional and Global Vulnerability of Coastal Zones to Climate Change and

Sea-Level Rise (DINAS-COAST) project developed the Dynamic Interactive Vulnera-

bility Assessment (DIVA) database consisting of physical, ecological, and socioeconomic

parameters. The database covers the world’s coast with 12,148 segments, excluding

Antarctica. The dataset includes, for example, population, land use and surge height

data (Vafeidis et al., 2008). The DINAS-COAST project is designed specifically for

impact and vulnerability analysis under sea-level rise scenarios. The project produced

the DINAS-COAST Extreme Sea Levels (DCESL) dataset, which was the only global

dataset that provided global extreme sea levels for over a decade (Muis et al., 2017). A

number of coastal flood risk (Brown et al., 2013; Hinkel et al., 2010, 2012, 2014; Nicholls

et al., 2010) and impact analysis studies (Hallegatte et al., 2013; Jongman et al., 2012;

Muis et al., 2015; Sugiyama et al., 2008; Ward et al., 2011) were conducted based on

DCESL via the DIVA model.

Muis et al. (2016) have introduced the Global Tide and Surge Reanalysis (GTSR) dataset

consisting of a global surge and tide timeseries for the 1979-2014 period. This dataset

was based on DIVA database coastal locations, refining them into 16,611 points. The

study analysed the time series for the given period, determined the global extreme sea

levels based on the constructed time series and validation against a quasi-global tide

gauge network (University of Hawaii Sea Level Centre dataset). The GTSR dataset and

the tide gauge sea levels were found to be in good agreement both for the timeseries and

the extremes that were derived from them. The dataset was used to determine the 1 in

a 100-year coastal flooding which was shown to potentially affect approximately 1.3%

of the world population. There have been a number of regional assessments conducted

based on the DIVA database. Hinkel et al. (2010) analysed the risks of and adaptation

to, sea level rise in the European Union (Hallegatte et al., 2011) as an application of the

DIVA model. Wolff et al. (2016) investigated Sea Level Rise (SLR) related coastal flood

impacts in Italy using the DIVA dataset. Barnard et al. (2019) estimated the climate

driven coastal flood hazard exposure for California, USA, impacting more than 6% of

the state’s Gross Domestic Product (GDP) and 600,000 people by dynamic flooding

(i.e. integrating the effects of SLR, tides, waves, storms, and coastal change) by 2100.

Recently, Fang et al. (2020) have studied the potential damage and adaptation costs for

China using the DIVA framework.
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2.3.4 Previous Studies on Coastal Flood Risk Assessment

Flood risk, in general, can be defined as the combination of the hazard, exposure and

vulnerability of an area of interest (Kron, 2013). Here, flood risk, or expected annual

damage, can be defined as the cumulative area under the exceedance probability and

damage curve (Muis et al., 2015). This can be applied both to the exposed population

and exposed assets underlying a flood area. Assessing only one return period would not

be enough to analyse the consequences of the flooding of an area. Instead, expected

annual damage takes into account the mean annual loss across all possible extreme sea

levels, and depends on the protection levels (Hallegatte et al., 2011).

Regional, national and global levels of coastal flood risk have been investigated. Hal-

legatte et al. (2011) investigated the average annual loss values for Copenhagen, intro-

ducing a new economic input-output model (ARIO) and concluded that the protection

heights decrease the annual average losses for Copenhagen from several billion Euros to

100,000 Euros per year for 180 cm protection, and to zero for protection levels higher

than 200 cm. Muis et al. (2015) have investigated the future flood risk for Indonesia,

applying a method enabling the probabilistic analysis of future trends (Wolff et al., 2016)

in national-level flood risk. They showed that the exposure will increase the coastal flood

risk by 120% while sea level rise would increase flood risk trend by 19% - 37%. Nicholls

(2004) has analysed the range of global mean sea level rise and socioeconomic scenarios

for changes in flooding by storm surges through the 21st century. Depending on the

future coastal defence applications and GDP trends, the annual population affected by

coastal flooding would be lower than 1 million people per year. However, for the A2

scenario (Special Report on Emissions Scenarios-SRES), which is comparable to RCP

8.5 scenario from IPCC Assessment Report 5, the affected population would increase by

up to 18-30 million per year adding an additional 29-50 million people per year for the

worst-case scenario. Hanson et al. (2011) determined the population and asset exposure

for the world’s large port cities under a 1 in a 100-year event. The authors showed that,

(in 2005), 0.6% of the global population and assets valued at around 5% of the global

GDP were exposed to coastal flood events. It is shown that the combined effects of

sea-level rise, subsidence, population growth and urbanisation could exacerbate future

population exposure as much as three-fold. In addition, asset exposure would increase

ten times compared to the situation at the time of the study. Hallegatte et al. (2013)

have determined the average annual loss for 136 coastal cities determining the annual

loss changes with varying scenarios of future adaptation. They reported that without

adaptation, there would be an increase from $6 billion US to more than $1 trillion US in

average global annual loss due to socioeconomic change, climate change and subsidence.
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This result highlights the significance of adaptation and the strategies to develop for

vulnerable coastal cities.

2.3.5 Coastal Adaptation

Among the extreme sea level and sea level rise impact studies, a substantial number

conclude that there is a need for coastal adaptation for the upcoming century to respond

both to climatic and socio-economic changes (e.g., Hallegatte et al., 2013; Hinkel et al.,

2014). In the literature, the methods for the application of future coastal adaptation

includes (i) keeping extreme probabilities constant by enhancing the coastal protection

corresponding to sea level rise and (ii) keeping flooding risk constant by enhancing

coastal protection measures both to account for sea level rise and socio-economic changes.

For example, Hallegatte et al. (2013) applied adaptation strategies to maintain the flood

probability by increasing dike heights and maintaining the flood risk by reducing the

flood probability with respect to the socioeconomic and sea level rise scenarios for the

future. Hinkel et al. (2014) equated the cost and benefit functions in order to determine

the needed increase in height of coastal defences and the economic costs of adaptation.

Tamura et al. (2019) assumed an increase to the presently built coastal defence structures

as 1 m to identify the changes in the flooding extents and found a 40% reduction in

the inundated area compared to no-adaptation baseline under the same RCP (2.6, 4.5

and 8.5). Nicholls et al. (2019) have reported the global adaptation costs for the 21st

century to be as much as US $18.3 trillion. The studies show significant impacts of

future adaptation measures for the potential increase of the extreme sea levels in the

next century.



Chapter 3

Detailed Descriptions of Datasets

Used in this Study

A number of datasets are implemented in this thesis in order to determine historical

timeseries, extreme sea levels, coastal inundation and present and future population and

asset exposure. To construct the historical time series as described previously, as in Eq.

2.2, surge, tide and wave hindcast datasets (to compute the wave setup) were required

at DIVA coastal locations. Both historical timeseries and computed extreme sea levels

are validated against the sea level recordings of at the tide gauges. Coastal flooding

heights are datum-corrected and translated to the global topographic elevations. The

coastlines are represented by a global coastline dataset to be consistent with all the

other datasets used. Present exposed population and assets are obtained from global

gridded datasets of population and Gross Domestic Product, respectively. To account

for the future population and asset exposure and damage, projected gridded population

and GDP data are required. The following sections describe the datasets used to obtain

each of the requirements outlined above.

30
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3.1 GTSR – Global Tide and Surge Reanalysis (Surge)

The time series of coastal storm surge values were obtained from the GTSR dataset in-

troduced by Muis et al. (2016) over the period (1979–2014). This dataset was generated

with the Global Tide and Surge Model (GTSM), which uses the Delft3D Flexible Mesh

software developed by Deltares (Kernkamp et al., 2011), with a locally refined compu-

tational grid having unstructured grid cell sizes of ∼50 km in deep ocean reducing to

∼5 km in the shallow areas. The model was forced with wind fields from ERA-Interim

developed by The European Centre for Medium-Range Weather Forecasts (ECMWF)

(Dee et al., 2011). The wind fields originally have 6 hr temporal and 0.75° x 0.75° spatial

resolution commencing from year 1979. The wind fields were downscaled using linear

interpolation to a temporal resolution of 10 minutes which ensures a smooth variation in

values on the required time-scale. The updated version of this dataset is also available

(Muis et al., 2020).

3.2 FES2014 - Finite Element Solution (Tide)

Global tide data were obtained from the latest series of the FES atlas series, namely,

Finite Element Solutions 2014 version (FES2014) which is a finite element hydrodynamic

model solving the tidal barotropic equations and assimilating in-situ tide gauge and

altimeter data (Carrere, Lyard, Cancet, Guillot, Picot, FES 2014, a new tidal model

- Validation results and perspectives for improvements, 2016). The global model has a

total of 2.9M nodes and a spatial resolution of 1/16°, having an increased mesh resolution

and refined tidal height specifically in coastal areas (Piccioni et al., 2018). Nonlinearity in

the dynamic equations and resonant and near-resonant responses enhance the challenges

of tidal analysis in coastal regions (Andersen, 1999; Seifi et al., 2019). In particular, it

is challenging to model tides in shallow water since the tidal range is larger and the

tidal waves show complex behaviour in such regions. Bathymetry, the shape of the shelf

and the regional tidal regime have significant impact on the shallow water constituents

(Andersen, 1999).

3.3 ERA-Interim and GOW2 (Wave Setup)

In order to determine the wave setup, (WS), the nearshore (deep-water) wave conditions

(significant wave height, and wavelength) are required. As there is no widely validated

and accepted global nearshore wave model dataset, both ERA-Interim (Dee et al., 2011)
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and GOW2 (Perez et al., 2017) were tested for this purpose. In the present analysis,

the spectral wave parameters, that are HS and Tp, have been used from both datasets.

ERA-Interim and GOW2 are global surface wave model reanalyses. These have been

used to provide deep water wave condition to estimate wave setup. ERA-Interim

(ERA-I) is a global atmospheric reanalysis from 1979 (Dee et al., 2011). ERA-I uses

the ECMWF Cy31r2 atmospheric model coupled with the WAM spectral wave model

(Janssen, 2008). Both the atmospheric model and the wave model used in ERA-I in-

corporate satellite data assimilation. Output from the model is available at 0.70 global

resolution. The temporal resolution of ERA-I is 6 hours. GOW2 (Perez et al., 2017) is

a global wave model hindcast. It uses the Wavewatch III (Tolman et al., 2009) model

Version 4.18, forced with Climate Forecast System Reanalysis (CFSR) winds (Saha et

al., 2010). The hindcast is designed to provide higher resolution coastal wave data and

hence uses a system of nested grids of resolution 0.5° in deep water, with finer scale

∼25km resolution in areas with water depths less than 200m. The temporal resolution

of the dataset is 1 hour. In contrast to ERA-I which has satellite assimilation in both the

wind and wave models, GOW2 has only assimilation in the forcing wind field. GOW2

hindcast data are available over the period 1979-2015.

3.4 IPCC AR5 Regional Relative Sea Level Rise (Mean

Sea Level Change)

The change of ESLs in the future, i.e., ESLF , are calculated by adding the regional

relative sea level rise (RSLR) values taken from Church et al. (2013a) (Fig. 13.20—

https://icdc.cen.uni-hamburg.de/1/daten/ocean/ar5-slr.html) for IPCC Rep-

resentative Concentration Pathways (RCP) 4.5 and 8.5. The contributions of the re-

gional sea level change consist of 10 different geophysical sources: Greenland dynamic

ice and surface mass balance, Antarctic dynamic ice and surface mass balance, and

glaciers; dynamic sea surface height, global thermosteric sea surface height anomaly,

and the inverse barometer effect from the atmosphere; land water storage (terrestrial

water); and glacial isostatic adjustment (GIA) which was given as a change in sea level

relative to land (Church et al., 2013b). The thermosteric/dynamic sea surface heights

are determined from an ensemble of 21 Atmosphere–Ocean General Circulation Models

(AOGCMs).

https://icdc.cen.uni-hamburg.de/1/daten/ocean/ar5-slr.html
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3.5 GESLA-2 – Global Extreme Sea Level Analysis Ver-

sion 2 (Tide Gauge data)

The validity of constructed historical timeseries and computed extreme sea levels is

required to be tested against recordings of tide gauge dataset that is also sufficiently

scattered among global coastlines to account for the datasets used in this thesis. GESLA-

2 (Woodworth et al., 2016) is such a dataset comprised global tide gauge observations.

Although some of the tide gauges go back more than 100 years, the vast majority of the

data are from 1950 onwards. Data are generally archived at a temporal resolution of 1

hour or less and are available at a total of 1,355 stations. As the dataset has varying

vertical datums depending on the location, and to eliminate the multidecadal variations

of sea levels, annual mean values were subtracted from the timeseries for each calendar

year, following a similar approach as Muis et al. (2016) and Wahl et al. (2017). In

the present analysis a total of 681 unique locations with total water level data over the

required period were used to validate the various model results.

3.6 DIVA - Dynamic Interactive Vulnerability Assessment

(Output locations Coastal Protection)

A detailed description of and existing literature on DIVA dataset is given in Section

2.3.3. As mentioned previously, DIVA (Hinkel and Klein, 2009; Vafeidis et al., 2008) is

a database for assessing coastal vulnerability from sub-national to global levels. Here,

9,866 DIVA locations have been used as the reference output locations for model results.

In addition, coastal protection data in the form of design return periods were taken from

the DIVA database. These return period values were assumed to follow a given extreme

value probability distribution function. To estimate the corresponding coastal protection

levels at each DIVA location, the coastal protection return periods given in this dataset

are converted to the elevation values.

3.7 MERIT DEM- Multi-Error-Removed Improved-

Terrain DEM (Topography)

Land topography and digital elevation model (DEM) accuracy plays a vital role for

coastal inundation computations. The Shuttle Radar Topographic Mission (SRTM)

(Jarvis et al., 2008) is a quasi-global and satellite-based DEM implemented widely in

global calculations of coastal flooding (Hinkel et al., 2014; Muis et al., 2016). However,
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SRTM does not include the bare terrain information rather it provides information on

the elevations (Kulp and Strauss, 2016) which can be imaged from space. Therefore, it

is known to have large vertical errors in densely populated urban or densely vegetated

areas. These errors may result in misleading coastal flood exposure outcomes (Kulp and

Strauss, 2016).

MERIT DEM (Yamazaki et al., 2017) is a high accuracy global digital topographic

dataset at 3 arc sec resolution (∼90m at equator) developed from existing spaceborne

DEMs [SRTM3 v2.1 and AW3D-30m v1 (Farr et al., 2007; Tadono et al., 2015)] by

eliminating major error components from the existing DEMs. The MERIT DEM data

covers lands between 90°N-60°S, vertically referenced to the EGM96 geoid. In this thesis,

MERIT DEM data is implemented to determine inundation extents due to extreme sea

levels and sea level rise.

3.8 MDOT – Mean Dynamic Ocean Topography (MERIT

DEM datum)

Hindcast historical time series constructed in this study, are used to determine extreme

sea levels. These values are referenced to mean sea level, whilst the DEM data (MERIT)

datum is the EGM 96 geoid (Yamazaki, et al., 2017). In coastal flooding calculations,

it is essential to bring the extreme sea level and land topography to the same datum.

Therefore, in this study, Mean Dynamic Ocean Topography (MDOT) (Rio et al., 2014)

is used to account for the vertical datum difference between the extreme sea levels and

the MERIT DEM data, where the MDOT is the difference between the time-averaged

sea surface and the geoid.

3.9 GSHHG - Global Self-consistent Hierarchical High-

resolution Geography (Coastline)

In this thesis, a number of datasets are brought together to determine the coastal flooding

exposure analyses. These datasets (such as land topography, gridded population GDP

etc.) have various original resolutions and data extent. To ensure consistency, a global

high-resolution shoreline mask is implemented: GSHHG (Wessel and Smith, 1996) which

is a coastline dataset at multiple resolutions. Here, the “high resolution” (∼0.2 km)

coastline dataset was used to define the global coastline for calculations of flooding

extent.
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3.10 GPWv4 Rev.11 – Global Population (Population and

Asset Exposure & Flood Risk)

Global coastal flooding can be translated into population exposure using a gridded

global population dataset with sufficient resolution to account for the coastal population

affected. In this thesis, the GPWv4 Rev.11 database is adopted, which is the NASA

Socioeconomic Data and Applications Center (SEDAC) (Center for International Earth

Science Information Network (CIESIN), 2018) represent the population count from 2010

census with 30 arc sec. (∼1 km at equator) spatial resolution. The data has been

extrapolated to a range of years. This dataset was implemented to determine population

and assets potentially exposed to flooding using 2015 population estimates.

3.11 GDP – Gross Domestic Product (Asset Exposure &

Flood Risk)

Gross Domestic Product (GDP) ”measures the monetary value of final goods and ser-

vices—that is, those that are bought by the final user—produced in a country in a given

period of time” (Callen, 2020). Gridded GDP data provides a necessary parameter in

determining the value of assets exposed to flooding. The dataset is based on best avail-

able areal averages and is a combination of sub-national and national data. The present

analysis implements the gridded 2015 GDP data (Kummu et al., 2018) that consists of

national and sub-national GDP data on a 30-arc sec (∼1 km at equator) grid.

3.12 SSPs – Shared Socioeconomic Pathways (Future Pop-

ulation and Asset Exposure & Flood Risk)

To account for future socioeconomic impacts, Shared Socioeconomic Pathways (SSPs)

(O’Neill et al., 2014) were developed to combine the future radiative forcing and their

associated climate changes with plausible and alternative pathways of 5 different socioe-

conomic storylines (SSP1-5). As noted by Vuuren and Carter (2014), the RCPs and

SSPs may be coupled with each other. As such, RCP 4.5 is consistent with SSP1 and

RCP 8.5 is consistent with SSP3 and SSP5. In the present analysis, the future projec-

tions of the impacted populations were calculated at 2050 and 2100 for SSP1, SSP3 and

SSP5 narratives from the gridded data of Gao (2017), which is an enhanced version of

the data proposed by Jones and O’Neill (2016). The global projections of the GDP data

are obtained from IIASA (Riahi et al., 2017) (https://tntcat.iiasa.ac.at/SspDb/).

https://tntcat.iiasa.ac.at/SspDb/
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The population and GDP data are translated into future population and asset exposure

as well as future coastal flood risk in 2050 and 2100.



Chapter 4

Projections of global-scale

extreme sea levels and resulting

episodic coastal flooding over the

21st Century

This chapter is based on the article of Kirezci et al. (2020) published in the Nature

Scientific Reports. This study can be summarised as follows.

Global models of tide, storm surge, and wave setup are used to obtain projections of

episodic coastal flooding over the coming century. The models are extensively validated

against tide gauge data and the impact of uncertainties and assumptions on projections

estimated in detail. Global “hotspots” where there is projected to be a significant

change in episodic flooding by the end of the century are identified and found to be

mostly concentrated in north western Europe and Asia. Results show that for the case

of, no coastal protection or adaptation, and a mean RCP8.5 scenario, there will be an

increase of 48% of the world’s land area, 52% of the global population and 46% of global

assets at risk of flooding by 2100. A total of 68% of the global coastal area flooded will

be caused by tide and storm events with 32% due to projected regional sea level rise.

37
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4.1 Background

Sea level rise is a well-accepted consequence of climate change (Church et al., 2013a;

Milne et al., 2009; Nicholls and Cazenave, 2010). Although the focus of the general

public often tends to be on the rate and magnitude of increase in mean sea level, the

major threats of coastal flooding and erosion are significantly impacted by episodic storm

surge and wave setup (the temporary increase in mean water level due to the presence

of breaking waves) as well as their time of occurrence in relation to astronomical tide

(Marcos et al., 2019). As approximately 600 million people live in low elevation coastal

zones [i.e. LECZs – coastal regions less than 10 m above mean sea level (MSL)] which

generate approximately US$1 trillion of global wealth (Hallegatte et al., 2013; McGrana-

han et al., 2007; Milne et al., 2009; Vitousek et al., 2017), both the environmental and

socio-economic impacts associated with episodic coastal flooding can be massive.

Both national and global assessments of projected coastal flooding due to the combina-

tion of extreme events and sea level rise are critical in informing policy directions, as

detailed in a number of IPCC reports. Such large-scale assessments can also identify

regional “hot-spots” where more detailed modelling is required. The time and space

scales involved in such large-scale assessment are challenging. The time scales vary

from the duration of individual storms (of order hours) to projections over the coming

century (of order decades). The physical scales are also demanding, varying from the

bathymetry of individual beaches (10s of metres) to basin-scale storms to global compar-

isons of potential impacts (1000s of kilometres). As a result, to form tractable solutions

and guide such policy development, a variety of simplifying assumptions must be made.

This study aims to undertake such an analysis. It assembles extensive model and mea-

sured datasets at coastlines around the world and combines these to provide projections

of global extreme sea level and coastal flooding by 2100. The required simplifications

may result in local errors but comparisons with recorded tide gauge data indicates that,

to first-order, the simplified model adopted reproduces extreme sea levels to reasonable

accuracy at national and global-scale. The Sections 4.13 and 4.14 provide a summary

of the simplifications necessarily adopted to undertake this analysis and their potential

implications.

In order to determine the frequency and magnitude of episodic coastal flooding, it is first

necessary to determine sea levels during extreme storm events. The resulting extreme sea

levels are generally made up of four components: tide (T ), storm surge (S), wave setup

(WS) and regional relative sea-level rise (RSLR). Projections of future coastal flooding

require not only knowledge of the magnitude of each of these physical processes, but also

their relative timing (i.e. does the storm occur at high tide) and an understanding of the

probability of occurrence of extreme events. A number of recent studies have considered
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some of these elements, with and without validation against recorded data (Melet et al.,

2018; Muis et al., 2016; Rueda et al., 2017; Vitousek et al., 2017; Vousdoukas et al.,

2018b).

Consistent with previous global-scale studies (Melet et al., 2018; Muis et al., 2016; Rueda

et al., 2017; Vitousek et al., 2017; Vousdoukas et al., 2018b), it is assumed the total sea

level (TSL) can be approximated by the linear summation given in Eq. 2.2.

The historical TSL estimates are rigorously validated against extensive global tide gauge

data both for the historical record and for statistical extreme values. The term extreme

sea level (ESLH100
T+S+WS) is used here to represent the value of the TSL which occurs,

for example, once in 100 years (a return period of 100 years). The superscript “H”

signifies the extreme value is determined from the historical record, as opposed to a

future projection and the subscript (T + S + WS) designates the physical processes

considered in the determination of the extreme. For brevity, if the subscript is excluded,

it signifies the use of all three processes (ESLH100 ≡ ESLH100
T+S+WS). To obtain future

projections, the extreme value estimates of TSL are coupled with global projections

of RSLR for IPCC Representative Concentration Pathways (RCPs) 4.5 and 8.5. The

resulting projected future extreme sea levels (ESLF100) are then used in conjunction

with global topographic data to assess the potential extent of episodic coastal flooding

at global scale in 2050 and 2100. As the projected flooding is sensitive to both how

well the model dataset represents the physical processes and the appropriateness of the

extreme value probability modelling, both of these elements are validated in detail (see

Sections 4.7 and 4.10).

The global distribution of episodic coastal flooding is then used to determine global

coastal flooding “hotspot” regions, where a significant increase in flooding is projected

over the coming century. The relative contributions of each of the individual processes

to coastal flooding are also assessed (i.e. surge, tide, wave setup and relative sea level

rise), as are the projected changes in probability of occurrence of episodic flooding events

in the future. Finally, we estimate the total population and value of exposed assets at

risk both at present and in the future (2050 and 2100).

As noted above, as our focus is on an assessment at the global-scale, a number of local

processes must be represented using approximations to render the problem tractable.

We consider the limitations of these approximations and, where possible, estimate the

sensitivity of the results to the inherent assumptions (see Section 4.13). Statistical

uncertainties associated with the projections are also estimated (see Section 4.13).
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This study builds on previous studies of global-scale sea level rise. Importantly, the

present study considers all three major processes, T , S and WS. It quantifies the rela-

tive importance of each of S, WS and RSLR processes to episodic coastal flooding by

2100. The modelling approach is extensively validated against tide gauge data for both

ambient and extreme conditions. Extreme value estimates require statistical extrapola-

tion of the data which can result in large confidence limits on estimates. The extreme

value estimates are considered in detail, comparisons with recorded data undertaken

and confidence limits estimated. Finally, the sea level rise estimates are determined to

understand episodic coastal flooding extent, the populations impacted and the assets

potentially at risk. Within the assumptions required to make such a global-scale study

possible, it provides a “first-order” analysis forming a basis for future policy develop-

ment.
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4.2 Analysis Process

In this section, the methods and processes used to estimate future flooding extent,

populations impacted and assets exposed are discussed.

Consistent with the linear assumption Eq. 2.2, the time series of T [Fig. 4.1(a)], S [Fig.

4.1(b)] and WS [Fig. 4.1(c)] obtained from the respective datasets were interpolated

to a consistent 10-minute temporal resolution and assigned to the closest DIVA point

(Section 4.3)(see Fig. 4.2 for DIVA points). This generated an historical time series of

TSL(t) at each point. The WS was estimated using both the SPM approach (SPM,

1984) and Stockdon et al. (2006), both GOW2 and ERA-I wave models were tested with

a range of different bed slopes. The Stockdon et al. (2006) approach is more sensitive

to bed slope but for plausible bed slopes (i.e. < 1/30) consistent with SPM (1984) (e.g.

see Fig. 4.18). Based on subsequent global comparisons with tide gauge data, a bed

slope of 1/30 was adopted with the SPM approach (Sections 4.4 and 4.5). The root

mean square error (RMSE) was used to test the consistency of these model-derived

time series at each location against tide gauge data [Fig. 4.1(f)] for ambient conditions

(Section 4.5). The performance of the model results for extreme conditions was also

tested by comparing upper percentile values with the tide gauges [Fig. 4.1(f)].

Figure 4.1: Diagrammatic representation of the processes used in the analysis of the
various dataset in the full analysis.

The 1 in 100-year return period extreme value sea levels (ESLH100) were determined

from these model time series at each DIVA point (Section 4.6) [Fig. 4.1(e)]. A wide
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range of different extreme value analyses (EVA) were tested. These include the peaks-

over-threshold method with both Generalized Pareto Distribution (GPD) and the Ex-

ponential Distribution (EXP) and a variety of different threshold levels. The Annual

Maximum approach was also tested using the Generalized Extreme Value Distribution

(GEV) and Gumbel distribution (GUM) (Sections 4.6 and 4.7) [Fig. 4.1(e)]. These ap-

proaches were validated against corresponding EVA analysis of tide gauge data. These

comparisons were undertaken for 1 in 20-year return periods, which require no extrap-

olation of the time series to this probability level and 1 in 100-year return periods (see

Section 4.7). Based on this analysis it was found that a GPD distribution with a 98th

percentile threshold gave the best agreement between model and tide gauges and inclu-

sion of WS slightly reduced bias between model and tide gauge extreme value estimates

(see Section 4.7).

The projected future extreme sea level (ESLF100) [Fig. 4.1(i)] was determined by adding

the relative sea level rise (RSLR) to ESLH100 (Section 4.9) [Fig. 4.1(h)]. Again, this was

done at each DIVA point. Using a bathtub flooding assumption, the episodic coastal

flooding was determined at each DIVA point with the ESL values assigned to areal

regions using Thiessen polygons (Section 4.10). The coastal topography was determined

using the MERIT digital elevation model with the coastlines defined using the GSHHG

dataset (Section 4.10) [Fig. 4.1(j)].

The population impacted by these flooded regions was determined from the gridded

population data of the GPWv4 dataset [Fig. 4.1(k)] (Sections 4.10 and 4.11). The value

of assets impacted by the flooding was evaluated from the population impacted and

the GDP using the relationships proposed by Hallegatte et al. (2013) and Hinkel et al.

(2014) [Fig. 4.1(l)].
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4.3 Datasets and Processing

A detailed description of all the datasets used in this study is provided in Chapter 3.

As the focus here is at the global-scale, TSL(t) over the 36-year period (1979 - 2014)

was determined along global coastlines at a total of 9,866 points which approximate the

coastal segments previously defined in the Dynamic Interactive Vulnerability Assessment

database (DIVA) (Hinkel and Klein, 2009) (Fig. 4.2), referred to here as “DIVA points”.

Figure 4.2: Global plot of DIVA output locations (purple points) and GESLA-2 tide
gauge locations (yellow points).

Historical values of surge (S) were determined over this period from the Global Tide

and Surge Reanalysis (GTSR) dataset (Muis et al., 2016). The tide levels (T ) were

determined from the numerical tide model dataset FES2014 (Finite Element Solution)

(Carrere et al., 2016). In order to determine the wave setup, (WS), the nearshore (deep-

water) wave conditions (significant wave height, Hs0 and wavelength, L0) are required.

As there is no widely validated and accepted global nearshore wave model dataset, two

different reanalysis wave model datasets were tested for this purpose: ERA-Interim (Dee

et al., 2011) and GOW2 (Perez et al., 2017), with the latter ultimately being adopted

(see Sections 4.5 and 4.7, Table 4.3). Wave setup was determined as a function of

deep-water wave steepness (Hs0/L0) and bed slope using the Shore Protection Manual

(SPM) approach (Dean et al., 2005; SPM, 1984). An alternative wave setup formulation

proposed by Stockdon et al. (2006) was also tested and found to yield similar results

(see Sections 4.5, 4.7 and 4.13). After testing a series of representative bed slopes, a

value of 1/30 was finally adopted (see Sections 4.5 and 4.7). As each of the model

datasets are on different global grids and at different temporal resolution, every DIVA
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point was assigned the value of the closest grid point for each model and the respective

quantities of T , S and WS were interpolated in time to a 10-minute resolution. The

above approach does not include any contribution of wave run-up, consistent with the

majority of published studies (Rueda et al., 2017; Vitousek et al., 2017; Vousdoukas

et al., 2018b), as run-up does not result in a sustained (order of hours) elevation of the

TSL. This is in contrast to the recent study of Melet et al. (2018).

The historical time series of TSL over the period (1979-2014) was calculated using Eq.

2.2. This approach ignores non-linear interactions among these processes (Muis et al.,

2016). For instance, both surge and wave setup will be influenced by the phase of the

tide. Comparison with measured tide gauge data suggests such interactions, at least at

this global scale, do not appear to have a significant impact on the results (see Sections

4.5 and 4.7). Validation data over the historical period were obtained from the GESLA-

2 (Woodworth et al., 2016) tide gauge dataset, which comprises sea level data at 681

locations around the world (see Fig. 4.2).

In order to determine coastal flooding extent, coastal topography data were obtained

from the Multi-Error-Removed Improved-Terrain DEM (MERIT DEM) dataset (Ya-

mazaki et al., 2017) as described in detail in Section 3.7. Although the native resolution

of the MERIT DEM is ∼90 m at the Equator, a coarser ∼1 km resolution version, con-

sistent with previous studies (Hinkel et al., 2014; Muis et al., 2016, 2017) was used for

the present application to reduce computational expense and ensure a resolution com-

parable to the other datasets used. MERIT is based on the SRTM v4.1 DEM dataset

(Jarvis et al., 2008), but with enhanced vertical accuracy.

In order to determine assets exposed due to flooding both gridded population and Gross

Domestic Product (GDP) databases are required. Population data were obtained from

the Gridded Population of the World, version 4 (GPWv4 Rev. 11) (International Earth

Science Information Network (CIESIN), 2017) database (see Section 3.10) and GDP

data from Kummu et al. (2018) (see Section 3.11).
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4.4 Historical Global Total Sea Level

Validation over the hindcast period is imperative for confidence in future projections.

The model TSL time series was compared with the GESLA-2 tide gauge data over the

period 1979-2014. Model performance over the hindcast period was evaluated at each

of 681 GESLA-2 locations by determining both the root mean square error (RMSE)

and the upper percentile bias (biasp), difference of higher percentile values (95th to 99th)

between the model TSL and the tide gauge data. Overall global model performance was

then assessed in terms of the average RMSE (ARMSE) and average biasp (abiasp) over

all GESLA-2 locations (Muis et al., 2016). The GESLA-2 tide gauge data were compared

with both model T + S + WS and T + S. In addition, both GOW2 and ERA-Interim

wave models, a variety of bed slopes and two different empirical formulations (Dean et

al., 2005; SPM, 1984; Stockdon et al., 2006), were used to calculate WS. The complete

results are given in Tables 4.1 and 4.2 and also discussed in Section 4.5.

As the differences between the various values of ARMSE and abiasp are not large for

the different combinations and because, as subsequently shown, WS is a relatively small

component of the total episodic flooding, discussion here is confined to the cases where

WS is calculated with the GOW2 model, the SPM (1984) (Dean et al., 2005) formulation

and the mid-range bed slope of 1/30 (See also: Section 4.13). As noted above, the global-

scale of the analysis meant that a relatively simplistic approach was necessarily used to

determine WS (Dean et al., 2005; SPM, 1984). As the results ultimately showed that

WS was not a significant component of episodic flooding (5%, see Section 4.10), errors

caused by this approach are unlikely to significantly bias the final results.

For T + S, the globally averaged ARMSE is 0.197 m (Table 4.1), which is comparable

to the value of 0.170 m obtained by Muis et al. (2016), where an older tide model

(FES 2012) was used together with a significantly smaller set of tide gauge locations

(472). Inclusion of WS makes no appreciable change to ARMSE, in fact increasing

it slightly to 0.204 m (see Table 4.1). This lack of impact on WS is not surprising,

as WS is expected only to represent an appreciable contribution during storm events,

which is poorly captured by ARMSE. The global distribution of values of RMSE for

T + S + WS is shown at each GESLA-2 location in Fig. 4.3. Although there is an

occasional outlier in the data, RMSE is less than 0.2 m at 75% of locations and less

than 0.5 m at the vast majority (93%) of locations. The contribution of WS during

storm periods (e.g., see Figs. 4.7 and 4.8) can be assessed from values of abiasp.

Table 4.2, shows that for T +S, abiasp increases in magnitude with increasing percentile

level. With the addition of WS, abiasp decreases, becoming approximately constant

across all percentiles. The reduction in abiasp is 60% at the 99th percentile, indicating
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ARMSE and abiasP between Model and Tide Gauge TSL (m)
No WS ERAI-15 ERAI-30 ERAI-100 GOW2-15 GOW2-30 GOW2-100

ARMSE 0.197 0.205 0.204 0.203 0.205 0.204 0.203
abiasP -0.044 -0.010 -0.014 -0.017 -0.013 -0.017 -0.019

Table 4.1: Average root mean squared error (ARMSE) and average bias of 99th

percentile values (abiasP ) for TSL between model and GESLA-2 tide gauge data.
Model values are shown with and without WS calculated using either GOW2 or ERA-I
wave models and a variety of bed slopes. [e.g. GOW2-30 indicates GOW2 wave model
and bed slope of 1/30 – other combinations similarly named).

abiasP between the percentiles of the
Model and Tide Gauge TSL (m)

95th 96th 97th 98th 99th

T + S -0.031 -0.033 -0.035 -0.039 -0.044
T + S +WS -0.019 -0.019 -0.019 -0.019 -0.017

Table 4.2: Average bias (abiasP ) of percentile values for TSL between model and
GESLA-2 tide gauge data. Values for each percentile are shown for model values
consisting of T +S (i.e. no WS) and T +S+WS. Negative values indicate that model
is less than tide gauge. Note that to calculate WS, the GOW2 model was used, and a
bed slope of 1/30.

the inclusion of WS results in better agreement between model and tide gauges during

storm events. The improvement in |biasp|, at individual tide gauge locations is shown

in Fig. 4.4.

Figure 4.3: Values of root mean squared error (RMSE) between model total sea level
(TSL = T + S +WS) and GESLA-2 tide gauge data

The validation outlined above indicates that the model derived TSL estimates are gen-

erally in good agreement with tide gauge data and that the inclusion of WS makes an
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improvement in performance, particularly during extreme storm events. As noted in

Section 4.5, it is unclear how many of the validation tide gauges respond to WS due to

their locations. What is clear, however, is that without the inclusion of WS, there is a

global underprediction of TSL during storms.

As shown in Fig. 4.4, the improvement in |biasp| can be seen at the vast majority of tide

gauge locations. Whether this is actually due to WS or a systematic under prediction

of S is not known. What is clear is that the inclusion of WS, modelled using the

relatively simple approach adopted, results in a model which performs well compared to

tide gauges at most locations.

Figure 4.4: Change in |biasP | at the 99th percentile between model and tide gauge as
a result of wave setup (WS). i.e.,|biasPT+S+WS |− |biasPT+S | evaluated at GESLA-2 tide
gauge locations. Negative (blue) values indicate an improvement in agreement between
model and tide gauge for extreme values as a result of the inclusion of WS.
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4.5 Contributions of processes to Total Sea Level

As noted previously, model estimates of T+S+WS were validated against the GESLA-2

tide gauge data. This was achieved by determining both the RMSE and the difference

of higher percentile values (95th to 99th) between the model TSL and the tide gauge data

at each of the 681 GESLA-2 tide gauge locations. GESLA-2 data points (Woodworth

et al., 2016) used in this study are shown in Fig. 4.2. GESLA-2 provides a more

extensive validation dataset than the University of Hawaii Sea Level Center (UHSLC)

dataset used by Muis et al. (2016). Both the T and S models use Mean Sea Level as

their datum, when these quantities are summed, there can be a small mean offset due

to the S. To obtain consistent datum levels, the annual means were subtracted from

both the tide gauge and T + S model data at each of the GESLA-2 data points (Muis

et al., 2016). As values of WS are always positive, adding WS to the model T + S

dataset results in a positive offset. This was again removed by subtracting the annual

mean from the T + S + WS model dataset. This validation implicitly assumes that

the tide gauges respond to WS. Whether individual gauges do respond to wave setup

will depend on their individual locations and the spatial extent of enhanced sea surface

elevation resulting from the WS. Note that, when we subsequently use model values

to determine extreme sea levels and flooding, the annual mean is not subtracted from

the time series. Rather, in those cases a common absolute datum is obtained from the

MDOT (Rio et al., 2014) (see Section 4.9).

As shown in Fig. 4.3, the RMSE at individual GESLA-2 data locations is generally less

than 0.5m. Such absolute values of RMSE can mask the relative errors for locations

where the tidal amplitude is small. In such cases, a small absolute RMSE may still

be important. Fig. 4.5 shows the RMSE at each tide gauge location, presented as

a percentage of the mean tidal amplitude. The mean tidal amplitude was determined

by firstly performing a harmonic analysis on the tidal gauge data, so as to extract the

astronomical tide. A zero up-crossing analysis was then performed to determine the

mean amplitude of the tidal signal. This figure confirms what is shown in Fig. 4.3 and

shows that at the majority of locations (68%) the relative RMSE is less than 20%. The

locations where the relative RMSE is larger are enclosed basins (e.g. Mediterranean

Sea, Baltic Sea, Sea of Japan) where the tidal amplitude is small and the spatial scales

challenge our global-scale analysis, probably due to the performance of the tidal model.

Fig. 4.4 shows that there is generally an improvement in the 99th percentile biasP

(reduction in value) when WS is added to the model time series. Table 4.1 shows values

of ARMSE (average RMSE over all tide gauges) and abiasP (average bias of the 99th

percentile over all tide gauges). In this table, results are given for T + S (i.e. no WS)

as well as T + S + WS, with WS calculated from both the ERA-I and GOW2 wave
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Figure 4.5: Values of root mean squared error (RMSE) between model total sea level
(TSL = T + S + WS) and GESLA-2 tide gauge data (as in Fig. 4.3) as a percentage
of the tidal amplitude at that location

models and for a number of different bed slopes (1/15, 1/30 and 1/100). As WS is only

significant during episodic storm events, ARMSE is hardly impacted by the inclusion

of WS. The values of ARMSE change by only approximately 4% with the inclusion of

WS. In fact, the agreement between model and tide gauge data is slightly worse with

the inclusion of WS. The impact of WS is, however, larger for abiasP , which examines

the average 99th percentile differences between model and tide gauges. The inclusion of

WS reduces the magnitude of abiasP by approximately 60%. This indicates that the

inclusion of WS allows the model to more accurately reproduce the tide gauge data

during storm conditions. As shown in Fig. 4.4, this reduction in bias is not limited to

specific geographic locations. Rather, there is a consistent reduction in the magnitude of

the bias at the 99th percentile across 73% of tide gauge locations. The improvement in

bias across all locations is further seen in Fig. 4.6 (lower panel), which shows histograms

of biasP both with and without WS included. The inclusion of WS results in a more

peaked histogram centred on a value of zero. When WS is excluded, the histogram is

skewed to negative values, indicating an underestimation of extremes. As can be seen

in Fig. 4.4, this improvement occurs in most global regions, not only tropical cyclone

areas, where the GTSM is known to underestimate surge levels.

Table 4.2 shows values of abiasP both with and without WS for a number of percentile

levels (95th to 99th percentiles). For the case of T +S (no WS), the magnitude of abiasP

increases with percentile level. The inclusion of WS to TSL (i.e., T +S+WS) reduces

the magnitude of abiasP and also results in an almost constant value, as a function of
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Figure 4.6: (upper) Histogram of bias for ESLH20 between GESLA-2 tide gauge
data and model (ESLH20

T+S+WS − ESLH20
Gauge) (blue bars) and (ESLH20

T+S − ESLH20
Gauge)

(unfilled bars). (lower) The bias of the 99th percentile values of TSL between model
and GESLA-2 tide gauge data, biasP . T + S +WS shown by blue bars, T + S shown
by unfilled bars. The inclusion of WS reduces the absolute magnitude of both the
ESLH20 average bias and the average 99th percentile biasP (i.e. more centred around
a value of zero)

percentile level. This indicates that the inclusion of WS in the model results in a better

approximation of the low probability tail of the pdf.

WS is sensitive to local bed slope and bathymetry which cannot be resolved by the

present wave models, not even with the finer resolution GOW2 model. As our focus

is at a global scale, these effects can only be modelled in the mean. As seen in Table

4.1, there is very little difference in ARMSE or abiasP between the ERAI and GOW2

models and for different bed slopes. Noting this, we have adopted the GOW2 model and
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a medium-range bed slope of 1/30 for subsequent calculations (also see Section 4.13).

The sensitivity of this choice for extreme value analysis is discussed in Section 4.7.

The storm-related impact on TSL is highlighted in Figs. 4.7 and 4.8 for two specific

locations (Boston, east coast USA) and Fremantle (south-west coast Australia). In each

case the T component has been removed from the measured GESLA-2 sea level via a

harmonic analysis. The resulting residual sea level is then compared with model S and

S +WS. Each figure shows both residual sea levels and GOW2 significant wave height

(Hs0) over a 12-month period. A specific storm event for each location is also expanded

for a more detailed analysis. These figures clearly show the episodic storm-related nature

of S and WS. They also show that during these storm events, better agreement occurs

between measured and model results when WS is included. Surge alone underestimates

the residual sea level. In both of these cases, the tide gauges appear to respond to WS,

which is well modelled by using the present approach (Dean et al., 2005; SPM, 1984),

the GOW2 model wave height and a bed slope of 1/30.

Figure 4.7: Residual sea level and significant wave height as a function of time at
Boston, USA. (a) Values over the year 2013. (b) Details of the storm event during
February 2013. (top) Model storm surge (S) (blue line) and model surge + wave setup
(S+WS) (red line). (bottom) GOW2 significant wave height during the same storm
event.
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Figure 4.8: Residual sea level and significant wave height as a function of time at
Fremantle, Australia. (a) Values over the year 2009. (b) Details of the storm event
during June 2009. (top) Model storm surge (S) (blue line) and model surge + wave
setup (S+WS) (red line). (bottom) GOW2 significant wave height during the same
storm event.
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4.6 Extreme Value Estimates of Total Sea Level

As noted previously, both S and WS are episodic. For episodic coastal flooding, it is

these storm-related contributions to extreme sea levels that are often critical (Barnard

et al., 2015; Benavente et al., 2006; Muis et al., 2016; Vitousek et al., 2017). The

stochastic prediction of such extremes involves the fitting of an appropriate probability

distribution function (pdf) to an historical time series and then extrapolating to the

desired probability of occurrence (e.g. 0.01 in any year or the 100-year event). In the

case of TSL, the most common approach has been to consider Annual Maxima (AM)

and to fit either a two-parameter Gumbel distribution (GUM) (Hunter et al., 2017;

Muis et al., 2016) or a three parameter GEV (Hunter et al., 2017; Vitousek et al., 2017;

Wahl et al., 2017). A significant limitation of AM approaches is that the resulting

extreme value time series have few values (1 per year). This leads to relatively large

confidence intervals when fitting and extrapolating the pdf. An alternative is to use

all storm peaks above a specified threshold – i.e. the Peaks over Threshold approach,

POT (Coles, 2001; Wahl et al., 2017). In this latter case, the data can be shown

to follow a Generalized Pareto Distribution (GPD) (Coles, 2001) or its two-parameter

variant, the Exponential Distribution (EXP). An alternative to the approach used above

of reconstructing the long-term historical time series, is to use an ensemble Monte-Carlo

approach (Vousdoukas et al., 2018b). This is discussed in Section 4.12.

The Extreme Value Analysis (EVA) adopted can have a major impact on the resulting

statistical estimates of extremes (in this case, extreme sea levels) (Wahl et al., 2017)

(see Fig. 4.12). Therefore, it is important to ensure that the chosen EVA optimally

approximates both the model and tide gauge data. Hence, a range of EVA approaches

were tested to determine which optimally represents both model and tide gauge data

(see Section 4.7). Results indicate that the POT approach fitted with a GPD and a 98th

percentile threshold (GPD98) fits both the tide gauge and model data with least error.

This combination yields the best fit to the tide gauge data in 33% of locations and the

best fit to the model data (at DIVA points) in 34% of tide gauge locations (see Fig.

4.11). This result is consistent with the findings of Wahl et al. (2017). The complete

EVA analysis is described in Section 4.7.

A further analysis of the impact of the selected EVA approach on projected extreme

sea level, as well as the sensitivity of the method used to determine WS is shown in

Table 4.3. This table considers the mean bias between tide gauge and model results

for a 20-year Return Period (ESLH20 − ESLH20
Gauge) across the 355 (of a total of 681)

tide gauge locations which have a duration of at least 20 years within the storm surge

model time span (1979-2014). These results indicate a mean bias of 17 mm with the

inclusion of WS determined from the GOW2 model, a 1/30 bed slope and a GPD98
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GUM GEV GPD98 GPD98.5 GPD99 GPD99.5 EXP98 EXP98.5 EXP99 EXP99.5

No WS -0.141 -0.153 -0.136 -0.138 -0.139 -0.144 -0.081 -0.077 -0.080 -0.097
ERAI-15 0.046 0.037 0.036 0.043 0.051 0.061 0.040 0.033 0.023 0.023
ERAI-30 0.024 0.017 0.015 0.021 0.029 0.040 0.025 0.018 0.006 0.004
ERAI-100 0.011 0.004 0.002 0.007 0.015 0.026 0.016 0.008 -0.004 -0.008
GOW2-15 0.036 0.031 0.028 0.034 0.043 0.050 0.026 0.017 0.007 0.008
GOW2-30 0.016 0.011 0.017 0.013 0.021 0.030 0.013 0.004 -0.008 -0.009
GOW2-100 0.004 -0.002 -0.004 0.001 0.009 0.018 0.006 -0.004 -0.016 -0.019

Table 4.3: The global mean bias between model and tide gauges for extreme sea levels
(ESLH20 − ESLh20

Gauge) using all 10 EVA approaches. Results are shown for no WS
and with WS calculated either with GOW2 or ERA-I wave models and a variety of bed
slopes (e.g., GOW2-30 indicates GOW2 wave model and bed slope of 1/30; GPD98
indicates a Generalized Pareto Distribution with a 98th percentile threshold)

EVA (see Fig. 4.6 (upper panel). However, a number of other combinations of EVA and

WS calculation yield similar results. All the cases which include WS, have relatively

small mean bias, indicating that the results are robust, irrespective of the choice of wave

model, bed slope and EVA. What is clear, however, is that if WS is not included, there

is a consistent negative bias (model underestimates the extreme sea level). For GPD98

with a 1/30 bed slope, the mean absolute bias is reduced by 88% indicating a significant

improvement. Therefore, the inclusion of wave setup appears to produce model extreme

sea levels (ESLH20) that are in better agreement with recorded data.

With this validation of modelled ESLH20, the results were extended to a return period

of 1 in 100 years (ESLH100) and evaluated at all DIVA points. The global distribution

of ESLH100 is shown in Fig. 4.9(a). This figure shows that values in excess of 5 m

occur along northern parts of both the Atlantic and Pacific coasts of North America,

the Atlantic and North Sea coasts of Europe and China. The results show regional

consistency with ESLH100 varying gradually along coastlines. Note that these ESLH100

estimates underestimate values in tropical cyclone regions due to model resolution (Muis

et al., 2016) and the limited sample size (Haigh et al., 2014; Lin et al., 2012).

Fig. 4.10 also shows the impact of WS alone, calculated as ESLH100
T+S+WS − ESLH100

T+S .

This figure shows extreme WS values up to 0.5 m, with the distribution largely following

areas of large extreme significant wave height (Takbash et al., 2019). In particular, the

northern parts of both the Atlantic and Pacific coasts of North America, Atlantic coast

of Europe, southern tip of the Pacific coast of South America, southern coast of Australia

and much of Asia show 100-year return period contributions of WS greater than 0.4 m.

Hence, although WS has only a very small impact on the overall values of ARMSE

TSL between model and tide gauge data, it becomes a larger component where extreme

value sea levels are concerned (on average a 17% increase in ESLH100 due to WS over

all DIVA points).
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Figure 4.9: Global distribution of the (a) historical 100-year return period extreme
sea level(ESLH100

T+S+WS) based on model data for the period 1979-2014 and (b) projected
100-year return period extreme sea level (ESLF100

T+S+WS) for RCP8.5 in 2100 at DIVA
locations.
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Figure 4.10: Global distribution of the contribution of wave setup to the 100-year
return period extreme sea level (i.e.ESLH100

T+S+WS−ESLH100
T+S ) at DIVA locations. Based

on model data for the period 1979-2014.
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4.7 Extreme Value Validation

Although the ability of the modelling approach to reproduce long term TSL variations

at tide gauge locations is desirable, it is the ability to reproduce extreme sea levels

which is most important for the determination of episodic coastal flooding. To this

end, a number of different extreme value approaches were investigated to determine

which best modelled the tail of the probability distribution functions of both the model

and tide gauge data. Ten different Extreme Value Analysis (EVA) approaches were

tested. These include two Peaks over Threshold (POT) fits to the data [Generalized

Pareto Distribution (GPD) and Exponential (EXP)] and two Annual Maxima (AM) fits

[Gumbel (GUM) and Generalized Extreme Value (GEV)]. Each of the POT approaches

was evaluated with 4 different threshold values, each determined as a percentile value

(98th, 98.5th, 99th and 99.5th) (i.e. 2x4 POT approaches plus 2 AM approaches).

These theoretical extreme value distributions were fitted to the GESLA-2 tide gauge

data at a total of 355 stations for which there is at least 20 years of data. The goodness

of fit of the chosen distribution was determined by examination of Q-Q relationships

between tide gauge data and each theoretical distribution. The RMSE between tide

gauge and theoretical distributions were evaluated for data above the 80th percentile.

A small RMSE indicates that the tail of the observed pdf is approximated well by

the assumed distribution. The lower bound of 80% was adopted as it is high enough

to ensure the tail of the pdf is being considered but not so high that comparisons

become unacceptably noisy due to limited data. A range of other values (up to the

95th percentile) were tested and produced the same conclusions. This approach allows a

ranking of the various approaches over all tide gauge locations. Fig. 4.11 shows a global

plot of tide gauge locations and which EVA approach best fits the data. A histogram of

the number of locations where each EVA approach produces the best fit to the tide gauge

data is also shown. This figure shows that a GPD98 POT pdf best approximates the

tide gauge data, consistent with the findings of Wahl et al. (2017). The same analysis

was also undertaken for the model (T + S + WS) data (at DIVA points), yielding a

similar result and confirming that the model data are also best approximated by the

GPD98 approach.

It is clear in Fig. 4.11 that the GPD performs better than the EXP distribution. This

is not surprising, as the GPD approaches are all 3-parameter pdfs, whereas the EXP

distributions are 2-parameter pdfs. The additional parameter in the GPD providing

greater flexibility in modelling the data. The same influence can be seen in the AM

distributions, where the 3-parameter GEV pdf performs better than the 2-parameter

GUM pdf.
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Figure 4.11: Best fitting EVA approach at GESLA-2 tide gauge locations. The color
of the marker at each location indicates the EVA approach which best fits the tide
gauge pdf at that location. The colour bar legend defines each of the EVA approaches
(e.g. GPD P98 is the Generalized Pareto Distribution with a 98th percentile). The
histogram (top left) shows the relative number of points where each EVA approach
gives the best fit to the tide gauge pdf. Only locations with more than 20-years of data
shown.

The RMSE analysis of the Q-Q plots provides a quantitative method to rank how well

the various EVA approaches approximate the tails of the pdfs. An alternative approach

is to evaluate the bias between the tide gauge and model at a specified return period. As

the tide gauge stations considered all have measurement durations greater than 20 years,

a return period of 20 years was chosen to avoid errors due to extrapolation (ESLH20).

Table 4.3 shows the average bias between tide gauge and model (ESLH20 −ESLH20
Gauge)

across all 355 locations. The first point to note is that all EVA approaches yield a

negative bias when the model TSL is approximated by T + S (i.e. no WS). This

negative bias is largely eliminated when WS is included. With the inclusion of WS, all

of the EVA approaches yield average bias values less than approximately 50 mm. This

result is irrespective of the EVA approach and wave model used to calculate the WS

or assumed bed slope. As noted in the Q-Q RMSE analysis (Fig. 4.11), the GPD98

with GOW2 wave model and a bed slope of 1/30 performs well with a mean bias of

approximately 17 mm. The impact of WS on the ESLH20 values is clearly shown in

Fig. 4.6 (upper panel), which shows a histogram of bias between model and tide gauge,

both with and without WS. Note that this figure was evaluated with a GPD98 EVA,

the GOW2 wave model and a bed slope of 1/30 to determine WS. Without the inclusion

of WS, the model results underestimate the extreme values compared to the tide gauge

data.

Although the combination of a GPD98 EVA, the GOW2 wave model and a bed slope of
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1/30 to determine WS produced good agreement with the tide gauge derived predictions

of extreme sea levels, a number of the other approaches yield similar or even better results

in Table 4.3 (e.g. GPD98.5/GOW2-100). The fact that the average bias is relatively

insensitive to the EVA approach and method for determining WS provides confidence in

the robustness of the model values. However, the fact that there is not a single bed slope

which clearly minimizes errors makes the selection of this value challenging. Athanasiou

et al. (2019) compiled data globally and found a mean value of approximately 1/100.

Ardhuin and Roland (2012), however, in a study of wave reflection from shorelines found

much steeper slopes and adopted values as steep as 1/5. Based on this study, Melet et al.

(2016) adopted a global value of 1/10. Noting these discrepancies, we have pragmatically

adopted a value of 1/30. This value lies between the estimates of Athanasiou et al. (2019)

and Ardhuin and Roland (2012) and is consistent with the results in Table 4.3. The WS

increases with increasing bed slope (Dean et al., 2005; SPM, 1984; Stockdon et al., 2006).

Therefore, adopting a value of 1/30 over a value of 1/100 will produce larger ESL100

values. The ultimate contribution of WS to total ESLH100 is approximately 17% on

average but makes an even smaller contribution to global area flooded (approximately

5%)(see Sections 4.9 and 4.10). Therefore, we conclude that assuming a bed slope of 1/30

has negligible impact on the final results. Considering the results of both the RMSE

and average bias tests and the discussion above, the GPD98/GOW2-30 combination was

selected as the reference for subsequent analysis.

Although the results indicate that all EVA approaches provide comparable results at

the 20-year return period, as shown by Wahl et al. (2017), they can yield quite different

values when extrapolated to larger return periods. This is demonstrated in Fig. 4.12 for

the location of Boston. This figure shows the ESLH calculated using GPD98/GOW2-

30 and EXP98/GOW2-30 as a function of return period. Both model and tide gauge

ESLH are shown for a number of return periods and for the model cases, results both

with and without the inclusion of WS are considered. As expected from the above

analysis, the GPD results (model – tide gauge) are in better agreement than with the

EXP distribution. Also, model ESLH is underestimated when WS is not included. The

Boston location is qualitatively representative of other sites.

As shown by Wahl et al. (2017) most of the locations (85%) considered have a negative

shape parameter for the GPD99. This means that the distribution is bounded and, as

shown in Fig. 4.12 is quite flat as a function of return period. Therefore, as return

period increases, there is only a relatively small increase in ESLH . In contrast, the

2-parameter EXP distribution is unbounded and has a much faster increase in ESLH

as a function of return period. For the GPD case, this means that a small change in

ESLH results in significant changes in equivalent return period.
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Figure 4.12: Extreme value total sea level at Boston, USA as a function of return
period. Exponential distribution (EXP) shown on the left and Generalized Pareto
Distribution (GPD) on the right. Tide gauge data are shown with the dashed lines.
Model results with no wave setup shown with triangles and with wave setup included as
filled circles. Different threshold percentile levels for EVA shown with colours defined
in the colour bar.

Note that for the GPD98 EVA, there was typically between 800 and 1000 points (ex-

tremes) in the fit to the tail of the pdf.



Chapter 4 – Projections of global-scale extreme sea levels and resulting episodic coastal
flooding over the 21st Century 61

4.8 Confidence Limits

The estimates of extreme value sea levels are statistical quantities and to obtain estimates

of the potential uncertainty in the projected ESLF100, the 90th percentile confidence

limits on each of the ESLH100 values were determined using a bootstrap approach.

Bootstrapping is a common approach to determine confidence limits for extreme value

estimates (Efron, 1979; Meucci et al., 2018). Using this approach, we computed a

sample of 1000 bootstrapped ESLF100 estimates taken randomly from the original data

sample at each DIVA point. For each sample an estimate of ESLF100 was determined

and 5.0 percentile and 95.0 percentile values calculated from the 1000 realizations to

give the lower and upper 90th percentile confidence limits. The resulting 90th percentile

confidence intervals are shown globally in Fig. 4.13. The results indicate that for 99%

of the 9866 locations, the span of the 90th percentile confidence interval (i.e. upper

CL – lower CL, CL is the value of ESLH100 at the confidence limit) is less than 1 m

(i.e., ±0.5 m). As ESLF100 values are commonly of order 4 m (see Fig. 4.14), the 90th

percentile confidence limits are thus less than ±10% (see Section 4.13). The confidence

limits for ESLH100 and ESLF100 were used to determine the confidence limit span for

area inundated, population exposed to flooding and assets exposed to damage. These

values are shown in Table 4.4.

Figure 4.13: The 90th percentile confidence interval for present-day extreme sea level
estimates (ESLH100

T+S+WS) (i.e. upper confidence limit – lower confidence limit).
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4.9 Future Projections of Extreme Sea Levels and Coastal

Flooding

The ESLH100 values provide the basis to determine episodic flooding for the present

day and for the future. The values of ESLH100 at each DIVA point were associated

with a surrounding region (see Section 4.10) and flooding calculated using the follow-

ing planar bathtub approach (Muis et al., 2016). The topography was defined by the

MERIT DEM dataset, which has a vertical datum of the EGM96 geoid (Earth Gravita-

tional Model, 1996). To bring values of ESLH100 to this same datum, Mean Dynamic

Ocean Topography (MDOT) (Jarvis et al., 2008; Rio et al., 2014) values were added

to the extreme value estimates (ESLH100 + MDOT ) (Muis et al., 2017). The coast-

line was defined using the Global Self-consistent Hierarchical High-resolution Geography

(GSHHG) database (Wessel and Smith, 1996). A GIS-based approach was subsequently

used whereby any MERIT grid point is considered inundated if it has an elevation less

than ESLH100 and is connected to the shoreline by water.

To calculate future Extreme Sea Level (ESLF100), projected regional relative sea

level rise (RSLR) was added to the present-day extreme sea level, ESLF100 =

ESLH100 + RSLR. Values of RSLR vary by region around the world and were

taken from Church et al. (2013a) (Fig 13.20 in IPCC AR5 – http://icdc.cen.uni-

hamburg.de/1/daten/ocean/ar5-slr.html) for IPCC Representative Concentration Path-

ways (RCP) 4.5 and 8.5 (Note: average global RSLR across all the DIVA points is 0.21-

0.71 m for RCP4.5 and 0.34-0.99 m for RCP8.5 by 2100). A range of other projected

values of RSLR have been proposed, however, due to the overwhelming precedence of

the IPCC projections, they have been adopted here. The values of RSLR include the

effects of atmospheric loading, land ice, glacial isostatic adjustment (GIA) and terres-

trial water sources. Fig. 4.9 (b) shows global values of ESLF100 for 2100 under RCP8.5

(also see Fig. 4.14 (a) for 2050 values). A comparison of Figs. 4.9 (a) and 4.9 (b) shows

that by 2100, T +S +WS will still be a significantly larger contribution to extreme sea

levels than relative sea level rise. Additionally, Fig. 4.15 demonstrates ESLF100 values

under RCP 4.5.

The extent of coastal flooding is a function both of ESLF100 and the coastal topography.

Fig. 4.16 shows a global map of flooding “hotspot” regions in 2100 for RCP8.5. To arrive

at this result, the flooding area per unit length of coastline was determined for each of

the DIVA points (normalized inundation km2/km). This analysis assumes there are no

coastal defences (dykes, sea walls etc). Therefore, rather than showing absolute values of

inundation in 2100, Fig. 4.16 shows the change in inundation from the present to 2100.
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Figure 4.14: Global distribution of projected extreme sea level (ESLF100
T+S+WS) for

RCP8.5 in (a) 2050 and (b) 2100

Areas with significant increases in flooding are seen in north-west Europe, India/Bay of

Bengal, south-east and east Asia.

Fig. 4.17 shows both the ESLF100 and the resulting flooding area for a number of the

“hotspot” regions shown in Fig. 4.16. Although the flooding extent does not appear

large in such plots, the global flooding extent for RCP8.5 is 661,000 - 1,009,000 km2

(approx. 0.5 - 0.7% of the global land area, larger than the land area of France). Note

that the range of values represents the 90th percentile confidence interval. Table 4.4
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Figure 4.15: Global distribution of projected extreme sea level (ESLF100
T+S+WS) for

RCP4.5 in (a) 2050 and (b) 2100

shows the global flooding extent for each RCP for both 2050 and 2100. The Auxiliary

Supplementary Data Google Earth file (Kirezci et al. (2020), Supplementary Material-2

therein) allows examination of values of ESLH100 and ESLF100 at any output location,

interactively.

Further analysis of the relative contributions of the different physical processes to pro-

jected episodic coastal flooding (shown in Table 4.4) by the end of the 21st century

(see Section 4.10) indicates the following contributions for RCP8.5: T +S (63%), RSLR

(32%), WS (5%). This result demonstrates that over the next century, T+S will remain
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Figure 4.16: Global “hotspot” regions of changes in episodic coastal flooding in 2100
for RCP8.5. That is, the difference between projected episodic flooding in 2100 minus
present day episodic flooding. Filled circles show locations where the change in nor-
malized inundation (i.e. change in inundated area divided by length of coast) is greater
than 1 km2/km. Size of circle is related to the change in magnitude of the normalized
inundation. Colour of the circle is related to the projected extreme sea level in 2100
(ESLF100

T+S+WS). Note: to add clarity, where points overlap, not every point is shown
on the figure.

Inundated Area (mean)
without WS
(103 km2)

Inundated Area with WS
CL0.5–mean–CL0.95

(103 km2)

Population Exposed
CL0.5–mean–CL0.95

(million people)

Asset Exposed
CL0.5–mean–CL0.95

(109 US$2011)

Present Day 521 512 – 553 - 603 128 – 148 – 171 6,466 - 7,761 – 9,135

2050 RCP 4.5
593

(14%)
549 – 631 – 721

(14%)
140 – 171 – 204

(16%)
7,094 - 8,848 – 10,672

(14%)

RCP 8.5
601

(15%)
560 – 640 – 732

(16%)
142 – 173 – 207

(17%)
7,188 - 8,961 – 10,799

(16%)

2100 RCP 4.5
702

(35%)
604 – 737 – 894

(33%)
158 – 202 – 253

(36%)
7,919 - 10,222 – 12,739

(32%)

RCP 8.5
779

(50%)
661 – 819 – 1,009

(48%)
176 – 225 – 287

(52%)
8,813 - 11,301 – 14,178

(46%)

Table 4.4: Values of area of global episodic coastal flooding (with and without the
wave setup contribution), population and assets exposed for different RCPs in 2050
and 2100. Present day values shown for comparison purposes. For each case the mean
and lower and upper 90th percentile values are shown. Values in brackets represent the
percentage change of mean values [i.e., (future–present)/present]

the dominant process in determining the extent of global flooding. However, RSLR does

significantly increase the frequency of coastal flooding. For RCP8.5, flooding associated

with present day 100-year return period events will, on average, occur at least once

every 10 years south of the 50°N latitude. It should be noted that the exact change

in frequency of these extreme flooding events is sensitive to the EVA analysis used (see

Section 4.7).
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Figure 4.17: Regional areas showing the projected flooding associated with a 100-year
return period extreme sea level event for 2100 (T + S + WS + RSLR). An RCP8.5
scenario is assumed. Coloured dots show the magnitude of the projected extreme sea
level (ESLF100

T+S+WS) at the coast. Flooding extent shown by blue shading.
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4.10 Determination of flooding and contributions of vari-

ous processes

Values of ESLH100 and ESLF100 have been estimated at each of the DIVA output

points. In order to determine resulting episodic coastal flooding, these values need

to be associated with a surrounding area. The association of areal significance to point

measurements occurs in a number of disciplines, most notably hydrology. Following these

precedents, we assigned Thiessen polygons to each DIVA point. The boundaries of such

polygons are defined by lines whose perpendicular bisectors are equidistant between

surrounding points. With the regions associated with each DIVA point determined,

and the topography within the polygon defined by the MERIT elevations, locations

which were shore-connected and where ESLH100 or ESLF100 were greater than the

land elevation were considered to be inundated.

The flooding extent in Table 4.4 provide the basis to determine the relative contributions

to episodic coastal flooding of each of the physical process of T, S,WS and RSLR. Table

4.4 indicates that for the present day, the total area inundated is 553× 103km2, which

reduces to 521× 103km2 if WS is excluded. Hence, T + S contributes 94.2% (521/553)

and WS the remaining 5.8%. For 2100 and RCP8.5, the total area inundated increases

to 819 × 103km2 (T + S + WS + RSLR) and if WS is excluded this area decreases

to 779 × 103km2. Therefore, WS contributes 4.9% [(819 − 779)/819)], RSLR 32.5%

[(819 − 553)/819] and T + S the remaining 62.6%. Therefore, the present analysis

shows that by the end of the 21st century, the largest contribution to extreme sea

level and flooding will be the combined impacts of T + S. This will be responsible

for approximately 63% of flooding, RSLR for RCP8.5, 32% and WS 5%. As noted

previously, these coastal flooding calculations assume no coastal defences such as dykes

or sea walls.
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4.11 Population and asset exposure

The global estimates of flooding described above, provide the basis for estimating both

the population and the assets at risk from episodic coastal flooding. Asset exposure

was estimated using the relationship (Hallegatte et al., 2013; Hinkel et al., 2014), A =

2.8× P ×G where A is the asset value exposed to flooding (US$), P is the population

and G is the Gross Domestic Product per head of population (US$/head). As noted

above, the population was estimated from the GPWv4 database (International Earth

Science Information Network (CIESIN), 2017) and the GDP per capita from Kummu et

al. (2018). Table 4.4 shows the area inundated together with the population and assets

exposed for the present day, 2050 and 2100 under both RCP4.5 and 8.5. All values are

in 2011 US$ and assume 2015 population and GDP, consistent with the databases used.

To make a direct comparison between present day and future periods, no attempt to

project changes in GDP or population in future years has been included here.

The results project that the population potentially exposed to episodic coastal flooding

will increase from 128 - 171 million to 176 - 287 million in 2100 under RCP8.5, where the

span represents the 90th percentile confidence interval (see Sections 4.8, 4.10 and 4.13)

(an increase from approximately 1.8 – 2.4% of the world’s population to 2.5 – 4.1%).

The total assets exposed are projected to increase from US$6,466 – US$9,135 billion to

US$8,813 – US$14,178 billion representing an increase from 9 - 13% to 12 - 20% of global

GDP. As noted above, these values assume no flood defenses are in place and hence will

overestimate the true values. However, the results indicate that for RCP8.5, by 2100

it is projected that the mean values of area inundated, population affected and assets

threatened will increase by 48%, 52% and 46%, respectively.
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4.12 Comparison with Previous Studies

The model results in this study were rigorously validated against a comprehensive tide

gauge dataset (Woodworth et al., 2016) for both ambient and extreme conditions, so

as to be able to obtain reliable projections of extreme sea levels over the 21st century.

Importantly, state of the art model data representing tide, surge, wave setup and relative

sea level rise is utilized here, demonstrating the contributions of each of these processes

to extreme sea level and resulting episodic coastal flooding. This study builds on several

previous model studies which have included some, but not all, of these elements.

Muis et al. (2016) adopted an approach similar to the present work but did not include

WS. The resulting TSL was validated against a less extensive tide gauge dataset than

the present study and used only a single EVA approach (AM with GUM). Based on the

present results, ignoring WS means that ESLH100
T+S will be underestimated by between

0.3 m and 0.7 m, depending on the region under consideration (Fig. 4.10). Overall,

however, it is concluded that WS contributes on average 17% to ESLH100 and only

approximately 5% to total area flooded. The choice of EVA, however, has a significant

impact on these quantities.

Vitousek et al. (2017) include WS and applied a single EVA approach (AM with GEV).

The resulting TSL values were not validated either for ambient or extreme conditions

and resulting coastal flooding was not investigated therein. Rather, the study concen-

trated on investigations of the changes in frequency of occurrence of future ESL.

Rueda et al. (2017) considered present day ESL including WS using a GEV distribution

applied to an r-largest dataset. However, the study did not validate the data, nor did it

consider projections of future ESL.

Vousdoukas et al. (2018b) used a 6-member ensemble of models forced with Global

Circulation Models to account for changes in storm frequency and magnitude in the

future. These elements were combined in a Monte Carlo analysis to determine extremes.

Their analysis assumed that wave setup could be represented by WS = 0.2 ×Hs0 and

that storms always occur at high tide. No validation was undertaken to assess the

performance of the model.

Melet et al. (2018) considered the contributions of tide, surge and wave setup to historical

TSL data. No EVA was undertaken and the focus of the paper was on the importance of

WS. As indicated by Aucan et al. (2019), this analysis assumes that global bed slope is

1/10, uses a relationship to determine WS which is quite sensitive to bed slope (Stockdon

et al., 2006) and also includes swash (runup). Hence, the resulting contribution to WS is
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larger than may otherwise be expected. This point is discussed in more detail in Section

4.13.

It should be noted that the approach used in the present analysis is to attempt to

reconstruct a long duration time series of TSL and then perform EVA on this time

series. As T is deterministic and S+WS is stochastic, this approach implicitly assumes

that the time series is sufficiently long (36-years) to capture the random phasing of these

components. That is, that extremes occur at all phases of the tide. The alternative is to

consider the pdf of each process separately and combine these in a Monte-Carlo analysis

(Vousdoukas et al., 2018b).
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4.13 Limitations and Uncertainty Estimates

Due to the global-scale focus of this work, it has been necessary to make a number of

assumptions in order to render the problem computationally tractable. Obviously, these

assumptions will have some impact on the accuracy of the final projections. This section

outlines these assumptions and makes order-of-magnitude estimates of potential errors:

• TSL is considered to be the linear summation of T + S + WS, with each of the

components evaluated independently. Therefore, the analysis ignores the influence

tidal stage will have on S and WS (Arns et al., 2017; Marcos et al., 2019). It is

believed these non-linear effects will be small compared to the accuracy of the EVA

analysis (Howard et al., 2010; Sterl et al., 2009; Vousdoukas et al., 2017, 2018b).

Also, the extensive validation indicates that at global-scale, the present approach

agrees well with tide gauge data both for ambient and extreme conditions.

• The model of T+S+WS is validated against tide gauges. Tide gauges which are

offshore or in sheltered locations are likely to underestimate WS (Hoeke et al.,

2013; Lambert et al., 2020; Melet et al., 2016; Melet et al., 2018). This may

account for some of the scatter in the comparisons between model and tide gauge

data, although the agreement is generally good.

• The validation of T + S + WS is conducted with the quasi-global GESLA-2 tide

gauge dataset which is the most extensive network of global sea level measurements

available. However, such measurements may not demonstrate spatial consistency

at the global scale. Such shortcomings are reported in the literature [e.g. (Marcos

and Woodworth, 2017)]. However, in the present study, the model results agree

well with the GESLA-2 measurements for a first-pass global analysis.

• Model data for the period 1979-2014 is used to determine ESLH100. It is then

assumed that these same extreme sea levels apply in 2100. This assumes that

the meteorological and ocean wave conditions do not change significantly over this

period. Although there is some evidence that changes may occur (Debernard and

Røed, 2008; Hemer et al., 2013; Lowe and Gregory, 2005; Wang et al., 2008; Young

and Ribal, 2019; Young et al., 2011), determining comprehensive projections of

changes in extreme values of global surge and wave height (Mentaschi et al., 2017)

is still an evolving research area.

Mori et al. (2019) have estimated changes in ESLF100 for RCP8.5 using a large en-

semble of Global Climate Models (GCMs). This ensemble had a spatial resolution

of 60 km, subsequently downscaled to 20 km. Storm surge values were calculated

in an approximate manner using an empirical relationship relating storm surge to
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wind speed and atmospheric pressure drop. The approach could not estimate ac-

tual values of ESLF100 but provided estimates of percentage changes in ESLH100

(i.e., changes from the present day). For mid latitudes (±30°), they indicated a de-

crease in storm surge values of approximately 10% in the Southern Hemisphere and

an increase between 10% and 30% in the Northern Hemisphere. These changes

were attributed to changes in the frequency and intensity of tropical cyclones.

For higher latitudes (both hemispheres) they estimated smaller increases in storm

surge (approximately 10%). It should be noted that the Mori et al. (2019) anal-

ysis did not include tide (T ) and hence cannot be directly related to the present

analysis. It should also be pointed out that there is still considerable debate about

potential changes in tropical cyclone frequency, intensity and track due to climate

change (Patricola and Wehner, 2018). Nevertheless, this analysis suggests possible

impacts of up to 20% (noting the impacts of tide) on values of ESLF100 .

Morim et al. (2019) and Meucci et al. (2020) have investigated changes in global

wave climate from an ensemble of GCMs which were used to force spectral wave

models. They show increases in 99th percentile and 100-year return period signifi-

cant wave height of up to 15%, mainly in the Southern Ocean. The present analysis

shows that WS contributes only approximately 5% to total flooding. Therefore,

an increase in future extreme wave heights is unlikely to have an appreciable con-

tribution to global flooding.

• It is assumed that ESLF100 = ESLH100 + RSLR. In a similar fashion to the

TSL, this assumes that changes in water depth caused by the RSLR do not have

a significant impact on extreme values of T , S or WS (Pickering et al., 2017).

Noting the accuracy with which the EVA can be conducted, such interactions are

likely to have a secondary effect on the results for most locations (Lowe et al.,

2001; McInnes et al., 2013; Sterl et al., 2009).

• The estimates of WS are considered to be order of magnitude. As noted, even

the GOW2 model cannot resolve bed slope or nearshore refraction and shoaling.

In addition, there are a wide range of possible relationships which can be used to

determine WS. A common engineering approach [Shore Protection Manual – Dean

et al. (2005) and SPM (1984)] has been used here. An alternative approach which

has been used in other studies (Melet et al., 2018; Vitousek et al., 2017) is that of

Stockdon et al. (2006). In order to test the sensitivity of projected values of WS

to the choice of this relationship, the full global analysis for the determination of

ESLH100 was repeated using Stockdon et al. (2006) and a range of different values

of bed slope. Bed slopes of 1/100, 1/30, 1/15 and 1/10 were tested, the value of

1/10 allowing a comparison with the study of Melet et al. (2018). Fig. 4.18(a)

shows a comparison between ESLH100 at DIVA points using the SPM approach
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(Dean et al., 2005; SPM, 1984) and Stockdon et al. (2006), both with a bed slope

of 1/30. There is very little difference in the values of WS between the approaches

and hence the values all agree well. Fig. 4.18(b) shows the comparison between the

SPM approach with a bed slope of 1/30 and Stockdon et al. (2006) with a bed slope

of 1/10, as used by Melet et al. (2018). The Stockdon et al. (2006) approach is

sensitive to bed slope, increasing significantly as bed slope increases. Fig. 4.18(b)

shows that with a bed slope of 1/10, the Stockdon et al. (2006) approach will

predict extreme water levels, on average, 58% higher than the SPM approach with

a bed slope of 1/30. This explains why Melet et al. (2018) predict a much larger

contribution due to wave setup than the present study. Note that Athanasiou et

al. (2019) indicate that the mean global bed slope is approximately 1/100 and the

present analysis indicates that a value of 1/30 agrees well with tide gauge data,

irrespective of which formulation is used for WS (see Section 4.7). Therefore, it

is concluded that the present study uses a global mean bed slope consistent with

measurements and that the choice of relationship between deep water significant

wave height and WS makes no appreciable difference at such representative bed

slopes.

Figure 4.18: Comparison between Extreme Sea Levels (ESLH100) determined with
different formulations for WS. (left) Comparison between SPM (Dean et al., 2005; SPM,
1984) and Stockdon et al. (2006) with a bed slope of 1/30 for both. (right) Comparison
between SPM (Dean et al., 2005; SPM, 1984) with bed slope of 1/30 and Stockdon
et al. (2006) with a bed slope of 1/10 (as used by Melet et al. (2018))

It should also be noted that wave runup is not included in the present analysis.

This is because wave runup does not cause an elevation in the mean sea level

(Aucan et al., 2019). In localized cases where wave runup causes overtopping

it may result in localized flooding. However, such considerations are considered

insignificant at global scale.
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• It is assumed that no flood protection measures, such as dykes or sea walls, are

in place, in this part of the study. It is known that global flood extent is very

sensitive to the assumption of current flood protection standards, but to date a

comprehensive global database of such measures does not exist (see Chapter 5).

Moreover, we apply a simplistic flooding model that ignores flood wave attenuation

due to land roughness and an infinite flood duration (bathtub model), which will

generally overestimate the flood extent (Ramirez et al., 2016; Vousdoukas et al.,

2016a).

• As the MERIT (Yamazaki et al., 2017) topographic model used here to derive

projections of episodic coastal flooding has a spatial resolution of 1 km, small-scale

features such as estuaries and rivers are not resolved. Hence, estuarine flooding

will be ignored, potentially resulting in an under-estimation of the coastal flooding

in some regions (Kulp and Strauss, 2016). The vast majority of previous coastal

flooding studies (Hallegatte et al., 2013; Hinkel et al., 2014; McGranahan et al.,

2007; Muis et al., 2016; Neumann et al., 2015) have used SRTM (Jarvis et al.,

2008) topography, which has a vertical resolution of 1 m. In contrast, MERIT

provides much enhanced vertical resolution. The lower resolution SRTM was also

tested as part of this study. This showed large differences at specific locations, but

when averaged over all global locations the differences were at most 10%.

• The population and asset exposure are determined from the global population and

GDP datasets as outlined in Sections 3.10 and 3.11. However, global validation of

these parameters was not undertaken in this study. Although local exposure and

damage observations exist in the literature (Armaroli and Duo, 2018; Jonkman et

al., 2009; Kron, 2013; Rappaport, 2014), within the scope and scale of this study,

global-to-regional downscaled values may not accurately represent much smaller

scale localised observations. As Hinkel et al. (2014) pointed out, validation of

global flood costs is a challenging task due to scarcity of the national studies

available. Therefore, within the scope of this project, the verification is mainly

focused on the statistical factors of the ESLs.

In addition to potential errors due to the assumptions made above, there is statisti-

cal uncertainty in the IPCC values of RSLR and in the extreme sea level estimates,

ESLH100. Such statistical uncertainty is usually represented in terms of confidence lim-

its for ESLH100 (see Section 4.8). These confidence limits provide the basis to set upper

and lower bounds on the projected global land area subject to episodic coastal flood-

ing. The global gridded RSLR values include 90th percentile confidence limits, enabling

such limits to be determined at each DIVA point. Similar confidence limits can be de-

termined for ESLH100 as outlined in Section 4.8. The full analysis process to determine
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(a) RCP4.5 ESLlower(103km2) ESLmean(103km2) ESLupper(103km2) Uncertainty span

RSLRlower(103km2) 604 647 697 -6.5% to 7.8%
RSLRmean(103km2) 699 737 789 -5.2% to 7.0%
RSLRupper(103km2) 797 837 894 -4.8% to 6.7%

Uncertainty span -13.5% to 14.0% -12.3% to 13.6% -11.6% to 13.3%

(b) RCP8.5 ESLlower(103km2) ESLmean(103km2) ESLupper(103km2) Uncertainty span

RSLRlower(103km2) 661 700 750 -5.5% to 7.2%
RSLRmean(103km2) 779 819 874 -4.9% to 6.8%
RSLRupper(103km2) 915 956 1,009 -4.3% to 5.6%

Uncertainty span -15.1% to 17.5% -14.5% to 16.8% -14.2% to 15.4%

Table 4.5: Uncertainty analysis for projected area flooded in 2100 accounting for
statistical uncertainty in estimates of Extreme Sea Level (ESL) and Relative Sea Level
Rise (RSLR). Area flooded in units of [103km2] is shown for the analysis using “upper”,
“mean” and “lower” bound estimates for both ESL and RSLR. The “Uncertainty
span” shows the percentage difference for the lower to the upper bound estimates of area
flooded relative to the mean [e.g. (ESLupper −ESLmean)/ESLmean and (ESLlower −
ESLmean)/ESLmean]. Table (a) shows results for RCP4.5 and Table (b) for RCP8.5.

the global area flooded was repeated for all combinations of upper, mean and lower con-

fidence limits of both quantities. The resulting areas flooded in 2100 for both RCP4.5

and RCP8.5 are shown in Table 4.5. The results in Table 4.5 show that, on average, the

uncertainty span (i.e. upper limit – lower limit) on the areas flooded is approximately

31.1% for RSLR and 11.4% for ESL for RCP8.5. Following Wahl et al. (2017), these

uncertainties have been combined using the sum of the squares of the individual uncer-

tainties ∆TOT =
√∑N

i=1 ∆2
i , where ∆TOT is the total percentage uncertainty and ∆i is

the percentage uncertainty from process i (in this case either RSLR or ESL). When

the above values are combined in this manner the resulting uncertainty span for flooded

area is 33.1% or ±16.5%.



Chapter 4 – Projections of global-scale extreme sea levels and resulting episodic coastal
flooding over the 21st Century 76

4.14 Discussion

Global model outputs of tide, surge and wave setup have been used to develop historical

time series of total sea level around the world’s coasts. These model results were exten-

sively validated against global tide gauge data, showing good agreement. To estimate

the extreme sea levels which occur during storm events, an extreme value analysis was

applied to both model and tide gauge data. In order to estimate extreme sea levels over

the 21st century, projected relative sea level rise for IPCC RCP4.5 and 8.5 was added

to present day extreme sea levels. These projected extreme sea levels were then used to

quantify global episodic coastal flooding in 2050 and 2100.

Results show that for RCP8.5, 0.5 - 0.7% of the world’s land area will be at risk of

episodic coastal flooding by 2100 from a 1 in 100-year return period event (an increase

of 48% compared to the present day), impacting 2.5 – 4.1% of the world’s population

(increase of 52%) and threatening assets worth up to 12 - 20% of global GDP (increase

of 46%). Note that these values assume no coastal defences or adaptation measures (see

Section 4.13). In many locations, coastal defences are commonly deployed and by 2100,

it is expected that adaptation and specifically hard protection will be widespread, hence

these estimates need to be seen as illustrations of the scale of adaptation needed to

offset risk. Future studies that consider the impact of coastal adaptation and defences

could logically build on the present results. As such, we regard the present analysis as

a “first-pass” estimate of global impacts of sea level rise.

The analysis shows that tide and storm surge will account for 63% of the global area inun-

dated by 2100, with relative sea level rise accounting for 32% and wave setup accounting

for only approximately 5%. Furthermore, projected sea level rise will significantly in-

crease the frequency of coastal flooding by 2100, with results herein showing that for

most of the world, flooding associated with a present day 1 in 100-year event could occur

as frequently as once in 10 years, primarily as a result of sea level rise. As the episodic

events of storm surge and wave setup will, between them, contribute approximately

68% of projected coastal flooding, any climate change driven variations in the frequency

and/or severity of storm events could have significant impacts on future episodic coastal

flooding.

As noted previously, the present study has a global-scale focus. As such, a number of

simplifying assumptions are necessary to render the problem computationally feasible.

These simplifications and the resulting implications are discussed in detail in Section

4.13. A summary of these assumptions appears below. The analysis undertaken is

linear in nature. It is assumed that the total sea level (TSL) can be represented by the

summation of T +S+WS. This explicitly ignores interactions between these processes.
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Extreme value analysis is undertaken to determine historic extreme sea levels (ESLH100).

The linear assumption is again applied to determine future extreme sea levels (ESLF100)

by the linear addition of projected relative sea level rise (RSLR) by the end of 2100.

This assumes that changes in wind speed and wave height over the coming century will

be small, which is consistent with a number of recent studies (Meucci et al., 2018; Mori

et al., 2019; Morim et al., 2019). Section 4.13 outlines the precedence for such linear

superposition approaches for global-scale studies (Marcos et al., 2019; Melet et al., 2018;

Muis et al., 2016; Rueda et al., 2017; Vitousek et al., 2017; Vousdoukas et al., 2018b) and

concludes that the potential errors are relatively small compared to the uncertainties in

the extreme value analysis and RSLR projections.

In order to calculate the magnitude of the wave setup (WS) at global scale, it is neces-

sary to use relatively simple models (SPM, 1984; Stockdon et al., 2006) and to assume a

global average bed slope. These assumptions will most likely result in errors at specific

locations. However, the analysis ultimately shows that WS is a relatively small com-

ponent of the ESL, and hence the adopted “first-order” representation of WS appears

justified.

To validate the model adopted above, extensive tide gauge data is used (Fig. 4.2),

as this is the only global water surface elevation data source available. An extensive

comparison is undertaken for both ambient and extreme conditions. It should be noted,

however, that it is likely that many tide gauges, due to their locations, will not respond

to WS. Hence, this validation dataset has its limitations for this application. Although

model and tide gauge data agree well at the global scale, there are clear differences at

specific locations. For example, in more than 30% of examined locations, the RMSE

related to the mean tidal amplitude is greater than 20%. This is largely associated with

semi-enclosed basins or regions with wide shelves (e.g. Mediterranean Sea, Baltic Sea,

Sea of Japan) and with regions of small tidal range (see Fig. 4.5, Section 4.5).

The MERIT (Yamazaki et al., 2017) topographic model is used with a “bathtub” flooding

model. This assumption is expected to generally overestimate flood extent (Ramirez et

al., 2016; Vousdoukas et al., 2016a). Importantly, the analysis also assumes no flood

protection is in place, such as dykes or other structures. As a result, the absolute values

of flood extent will be over-estimated in many locations. For this reason, we emphasise

relative changes in flood extent rather than absolute values. This is also addressed in

Chapter 5.

The above assumptions mean that the present analysis may not model projected flooding

at specific sites well. However, results show that, when aggregated to the global scale,

the approach adopted here is able to produce first-order estimates of global flooding

and its implications. In addition to these simplifying assumptions, both the ESL and



Chapter 4 – Projections of global-scale extreme sea levels and resulting episodic coastal
flooding over the 21st Century 78

RSLR estimates have associated statistical uncertainties. The present study considered

these uncertainties in assessing statistical variability associated with estimated flooding

extent. The full analysis, given in Section 4.13 and Table 4.5, indicates the uncertainty

associated with projected flooding in 2100 (RCP8.5) is approximately ±16.5%.



Chapter 5

Global analysis of the regional

impacts of coastal flooding over

the 21st Century

This chapter is based on the version of the paper that is in preparation for submission.

Building on a global database of projected extreme coastal flooding over the coming

century, an analysis that accounts for both existing levels of coastal defences and two

scenarios for future changes in defence levels is undertaken to determine future expected

annual people affected (EAPA) and expected annual damage (EAD). A range of plausi-

ble future climate change scenarios is considered along with narratives for socioeconomic

change (population and gross domestic product changes over the 21st century). We find

that with no further adaptation, global EAPA could change by +92 M people/year

and EAD by +US$ 11.7 T/year by 2100. If coastal defences are increased at a rate

whereby the probability of coastal flooding does not increase, these changed values are

reduced to +30 M people/year and +US$ 4.9 T/year, respectively. The impacts of

such flooding will disproportionately affect the developing world. By 2100, Asia, West

Africa and Egypt will be the regions most impacted in terms of both EAPA and EAD.

Many developing nations will experience EAD greater than 5% of GDP, whilst almost

all developed nations will experience EAD less than 2% of GDP.

79
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5.1 Background

Globally, low elevation coastal zones [coastal regions less than 10 m above mean sea

level (MSL)] are home to approximately 600 million people and generate approximately

US$ 1 trillion of global wealth (Hallegatte et al., 2013; Marcos et al., 2019; McGranahan

et al., 2007; Milne et al., 2009; Nicholls and Cazenave, 2010; Vitousek et al., 2017). A

number of recent studies have shown that both the populations and infrastructure assets

of these regions are at significant risk due to episodic coastal flooding (Kirezci et al.,

2020; Melet et al., 2018; Muis et al., 2016; Rueda et al., 2017; Vitousek et al., 2017;

Vousdoukas et al., 2018b). Episodic coastal flooding occurs due to extreme sea levels

(ESL) resulting from the processes of: storm surge, wave set-up, astronomical tide and

climate-induced relative sea level rise (Kirezci et al., 2020) (also see Chapter 4). In order

to assess the projected impacts of increases in ESL over the next century, it is necessary

to estimate global magnitudes of coastal flooding, the levels of coastal defences which are

already in place and may be developed in the future, the probability of damage to assets

and projected populations at risk. In addition, such an analysis needs to consider both

how populations and gross domestic product (GDP) may change in the future (Shared

Socio-economic Pathways, SSPs) (O’Neill et al., 2014) and also projected changes to

greenhouse gas levels (Representative Concentration Pathways, RCPs) (Church et al.,

2013a). As all these quantities vary regionally, such an analysis needs to be regional by

nature, aggregating results to the global scale.

Analyses which assess the impacts of projected coastal flooding at the national and re-

gional level within a coastal flood risk framework have been recognized as important

planning tools (Schinko et al., 2020; Tiggeloven et al., 2020; Vousdoukas et al., 2020).

This study undertakes such a detailed analysis for countries and regions globally, es-

timating values of both Expected Annual Population Affected (EAPA) and Expected

Annual Damage (EAD), building on previous analyses. As such, the outcomes of this

study are intended to be a resource for policy developers considering the impacts of

projected coastal flooding and the mitigation and adaptation measures which may be

required for flood risk reduction in the coastal zone.

The present analysis builds on the study of Kirezci et al. (2020) which estimated coastal

flooding extent for a 1 in 100-year event at each of a total of 9,866 points along global

coastlines defined by the Dynamic Interactive Vulnerability Assessment database (DIVA)

(Hinkel and Klein, 2009). Kirezci et al. (2020) adopted the MERIT (Yamazaki et al.,

2017) digital elevation model and assumed no coastal flood protection was in place. Here

we consider existing coastal defences at each of these global locations, estimated from

national policies for the levels of flood defence, expressed as return period design values.

Based on the calculated probability distribution function of coastal flooding at each
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Population Annual GDP

Present (2015) Present (2015)

7,330M (762M) $94,022B ($13,248B)

2050 2100 2050 2100

SSP1 8,473M (839M) 6,889M (649M) $286,159B ($29,988B) $566,417B ($54,936B)
SSP3 9,965M (913M) 12,640M (1,035M) $178,222B ($17,536B) $278,785B ($26,173B)
SSP5 8,575M (845M) 7,381M (690M) $363,007B ($37,735B) $1,017,654B ($97,083B)

Table 5.1: Global and Low Elevation Coastal Zone (shown in parentheses) Population
and GDP estimations (Billions of US$ in 2005 currency) for various Shared Socioeco-
nomic Pathway (SSP) narratives. [SSP1, SSP3 and SSP5 population data taken from
(Gao, 2017; Jones and O’Neill, 2016) and GDP data is taken from IIASA-OECD avail-
able from https://tntcat.iiasa.ac.at/SspDb/]. Present day is assumed to be 2015.

location and a depth-damage relationship (Hinkel et al., 2014), the EAPA and EAD

(Hinkel et al., 2014; Zhou et al., 2012) are calculated for each region/nation, both for the

present day and a range of future scenarios. The inclusion of a depth-damage relationship

means that actual damage can be estimated, rather than simply determining the assets

exposed to damage by flooding (Kirezci et al., 2020). The calculation of EAPA and

EAD requires an extension of the analysis to probabilities other than the 1 in 100-year

event presented by Kirezci et al. (2020) and the integration over all such possible extreme

events.

The calculation of EAPA and EAD require gridded projections of gross domestic prod-

uct (GDP) and population, from which exposed assets can be estimated (Hallegatte

et al., 2013; Hinkel et al., 2014). In order to guide climate change studies, a set of

reference pathways describing plausible alternative trends in the evolution of society

and ecosystems over the coming century have been developed [Shared Socioeconomic

pathways (SSPs)] (O’Neill et al., 2014). Global gridded values of population are avail-

able for these SSPs (Gao, 2017; Jones and O’Neill, 2016; Riahi et al., 2017). The SSPs

can be combined with radiative forcing pathways RCP4.5 and RCP8.5 to define plau-

sible futures for the Earth. Three scenario combinations: ‘Sustainable world’ (RCP4.5

combined with SSP1, SSP1-4.5); ‘Fragmented world’ (RCP8.5 and SSP3, SSP3-8.5) and

‘Fossil-fuel based world’ (RCP8.5 and SSP5, SSP5-8.5) (Vousdoukas et al., 2018a) are

considered in this study. The gridded values of population and corresponding spatial

GDP distributions can be summed to estimate global values for the present, 2050 and

2100, as shown in Table 5.1. For both SSP1 and SSP5 the global population increases by

2050 before declining by 2100. In contrast, the global population continues to grow for

SSP3. All three SSPs show a continually increasing global GDP, with SSP5 resulting in

the most rapid increase. It should be noted that the various SSPs show rather different

trajectories in the developed and developing worlds. Hence, the global trends shown in

Table 5.1 are not equally reflected in all regions of the world.

https://tntcat.iiasa.ac.at/SspDb/
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At both 2050 and 2100, values of EAPA and EAD at any location will be impacted

by: the ESL, determined here for both RCP4.5 and 8.5; the population and GDP,

determined by the SSP and the vertical elevation of coastal defences which is deter-

mined by the adaptation scenario adopted. The analysis considers all of these variables.

Initially we consider a “baseline case” where population and GDP remain constant at

values for the baseline year (here taken as 2015) and only the ESL varies for each of

RCP4.5 and 8.5 (no socio-economic change). Although this is not a plausible future

case, it provides a means of determining how much of the calculated EAPA and EAD

is attributable to future changes in ESL and how much is attributable to population and

GDP change. In addition, two adaptation scenarios are considered for each RCP/SSP

combination. The first adaptation scenario (constant flood probability), assumes that the

coastal flooding probabilities for future years remain the same as 2015 and that the SSPs

define changes in population and GDP. Here, society responds to future sea level rise

by greater adaptation, such that the flood probabilities remain constant. In the second

adaptation scenario, both flood probabilities and SSP narratives define changes that are

projected for the future. That is, the world does not introduce additional adaptation

measures to respond to increased flooding. This can be considered a worst-case scenario

(no additional adaptation).
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5.2 Determination of Extreme Sea Levels

The extreme sea levels at each DIVA point were calculated using the approach described

by Kirezci et al. (2020) (also in Chapter 4) and shown diagrammatically in Fig. 5.1(a-i).

The time series of the historical total sea level [TSL(t)] was defined at each point as the

linear summation of tide (T ), storm surge (S) and breaking wave set-up (W ) [Fig. 5.1

(a-d)]. The TSL values were validated against an extensive database of tide gauge data

for both ambient conditions and upper percentiles [Fig. 5.1 (f)].

Figure 5.1: Diagrammatic representation of the processes used in the analysis of the
various datasets in the full analysis.

The 1 in 100-year return period extreme value sea levels for these historical time series

(ESLH100) were determined from these model time series at each location using a peaks-

over-threshold analysis with a probability distribution defined by the Generalized Pareto

Distribution (GPD) [Fig. 5.1 (e)] as also described in Section 4.6. Again, these values

of (ESLH) were validated against tide gauge data (see Section 4.7).

The projected future extreme sea level (ESLF100) [Fig. 5.1 (i)] was determined by

adding the relative sea level rise due to climate change (RSLR) to ESLH100 [Fig. 5.1

(h)]. This was done at each coastal location defined by the DIVA points with RSLR

varying regionally and defined on a global grid (Church et al., 2013a).
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5.3 Determination of Coastal Flooding Extent

The Kirezci et al. (2020) coastal flooding analysis assumed no coastal defences and

assigned values of ESLF100 to areal regions using Thiessen polygons. Coastal flooding

was then calculated using a “bathtub” approximation [Fig. 5.1 (j)]. The present analysis

modifies this approach to approximate the impacts of coastal defences at the global scale.

The DIVA database contains data of the recommended return period protection levels

specified at sub-national scale. The DIVA points were assigned to national boundaries

and the protection level return period determined for each point [Fig. 5.1 (n)]. The

GPD probability distributions were then used at each location to determine the ESLHx,

where x is the national protection level return period for that location. The superscript

“H” indicates that this is an historical value of extreme sea level (i.e. no relative sea

level rise included). It was assumed that this level of coastal protection was in place

at each location and the calculated ESLHx was taken as the new datum. That is, if

ESLFn is below this value, no coastal flooding occurs in that polygon. The probability

of exceedance of an extreme sea level for a given return period n, ESLFn, is related

to the probability of exceedance, P by n = 1/P , where the probability of the event

occurring in any one year is P .

Figure 5.2: Global plot of coastal defence heights at DIVA points
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5.4 Expected Annual Damage and Expected Annual Peo-

ple Affected

Knowing the value of assets in an area flooded does not provide a direct measure of the

resulting damage. Such an understanding can be obtained by defining a depth-damage

function (Hinkel et al., 2014; Messner et al., 2014), which defines the percentage of

the value of the assets damaged as a function of flood depth. Following Hinkel et al.

(2014), such functions generally have a declining slope, indicating that additional damage

decreases with flooding depth, with a common form given by Hinkel et al. (2014) and

Messner et al. (2014):

V = d/d+ 1 (5.1)

where V is the proportion of the assets damaged and d is the water depth above the

defence level, ESLHx [Fig. 5.1 (o)]. Eq. 5.1 indicates that at a water depth of 1 m,

50% of the value of the assets are lost. The extreme sea level for a given return period,

n is related to the probability of exceedance, P , by ESLFn = 1/P and the probability

of the event occurring in any one year is P . As events of all probabilities can occur in

any year, to determine the EAPA or EAD it is necessary to sum over all probabilities

of occurrence (Hinkel et al., 2014; Zhou et al., 2012).

EAPA =

∫
ξ × PdP (5.2)

EAD =

∫
V ×A× PdP (5.3)

where ξ and A are the population and assets exposed to inundated by flooding above

the defence level, respectively. The assets exposed were calculated using the relationship

proposed by Hallegatte et al. (2013) and Hinkel et al. (2014) A = 2.8 × ξ × GDP

[Fig. 5.1 (p)]. The product V × A in Eq. 5.3 defines the value of the damage to

the assets. The populations were calculated at 2050 and 2100 for SSP1, SSP3 and

SSP5 narratives from the gridded data of Gao (2017), which is an enhanced version

of the data proposed by Jones and O’Neill (2016). The global GDP data is obtained

from IIASA (Riahi et al., 2017) (https://tntcat.iiasa.ac.at/SspDb/). Here, the

projected (future) country level GDP is distributed spatially according to the spatial

distribution of the corresponding population [i.e. GDPi = (GDPcountry/ξcountry)ξi ,

where the subscript “i” is the value a grid point “i”]. The integrals in Eqs. 5.2 and

https://tntcat.iiasa.ac.at/SspDb/
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5.3 were determined numerically with values of ”ESLFn” at each DIVA point for return

periods of n = 1, 10, 100, 1000, 10000 and the associated values of flooded area, V , A and

ξ. Thus, the present analysis extends the results of Kirezci et al. (2020) by determining

extreme flooding at probability levels other than the 1 in 100-year event. For all of these

different probability levels the flooding extent was determined and the integrals in Eqs.

5.2 and 5.3 were applied.
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5.5 Confidence Limits

The estimated values of ESLFn are statistical quantities obtained from the GPD fit

to the model data and extrapolated to the desired probability level, n. As such, there

is statistical uncertainty associated with these values. Confidence limits for the values

of ESLHn at each DIVA point were calculated using a bootstrap approach (Efron,

1979; Meucci et al., 2018) in which 1000 realizations of the ESL were generated at each

DIVA point. From this analysis 90th percentile confidence limits were calculated for

ESL and subsequent quantities which are calculated from these values (e.g. EAPA

and EAD). Therefore, the confidence limits were determined at each probability level

considered and the results aggregated through the integrals in Eqs. 5.2 and 5.3. Tables

5.2, 5.3, 5.4, and 5.5 reflect these confidence intervals together with mean values. The

uncertainties associated with the RSLR ensemble model are included for the lower and

upper estimates of the ESLFn, as described in detail in Section 4.13.
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5.6 Analysis Results

As outlined in Sections 5.2 and 5.3, the global-scale, but regional-resolution, analysis

undertaken here requires a number of simplifying assumptions in calculating ESL and

flooding extent. These assumptions may result in imperfections at specific coastal lo-

cations. However, as shown in the extensive validations of Kirezci et al. (2020), when

aggregated to regional and global values, the computed ESLs are in good agreement

with historical tide gauge data. As a result, in the present analysis, results are not

presented at individual DIVA points. Rather, results are presented as figures and tables

showing values aggregated into 51 Climate Reference Regions taken from Iturbide et al.

(2020) and as tables at the national level.

Here, the results are presented at both the Global scale and the Regional/national scale.

Within each of these sections, we consider the case of no socio-economic change and the

adaptation scenarios of constant flood probability and no additional adaptation. Table

5.5 shows all the combinations considered. For the baseline no socio-economic change

case, changes in EAPA and EAD result only from changes in ESL and hence the

results demonstrate only the impacts associated with climate scenarios (here, RCP4.5

and RCP8.5). For the constant flood probability scenario all impacts are a result of

changes in population and GDP. Therefore, results for each of SSP1, SSP3 and SSP5

are considered. In the worst-case scenario of no additional adaptation, EAPA and EAD

are impacted by changes in flood probability, population and GDP. Therefore, each of

SSP1-4.5, SSP3-8.5 and SSP5-8.5 are considered.

5.6.1 Global Scale Results

The global values of present and projected future population and GDP under various

SSP narratives are not necessarily representative of coastal regions. Therefore, to pro-

vide a representative foundation for our analysis, we first determine the projections of

population and GDP for the Low Elevation Coastal Zone (LECZ), defined as the area

below an elevation of 10 m above mean sea level (McGranahan et al., 2007). These

values were determined by summing the gridded population and GDP datasets (Gao,

2017; Jones and O’Neill, 2016; Riahi et al., 2017) below an elevation of 10 m (above

MSL) for present day and future SSP narratives. As shown in Table 5.1, at present

762M people reside in the LECZ (10.4% of the global population) generating annually

US$ 13,248B (14.1% of global GDP). These values are comparable (slightly lower) to

the results of Jones and O’Neill (2016), the differences likely being due to differences in

the elevation datasets used and the geospatial masking adopted. Consistent with the

projected global changes (Table 5.1), the LECZ population and GDP are projected to
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increase by 2050 for all three SSP narratives. By 2100, however, the LECZ population

decreases under SSP1 and SSP5, but continues to increase under SSP3. The percentage

of both the global population in LECZ regions and GDP generated in these regions in

both 2050 and 2100 is, however, projected to remain comparable to the present day

(decreases for all SSPs by less than 1%). Note that the “present” (baseline) population

and GDP are based on 2015 values. Hence, the relative importance of the LECZ in

terms of population and GDP generated is not projected to change significantly over the

21st century.

As shown in Table 5.2, the analysis applied here shows that for present day (2015) ESL,

mean global Expected Annual People Affected, EAPA (by flooding) is 35M (34M – 37M)

people, where the range shown in brackets is the 90% confidence interval. Similarly, the

present day mean global Expected Annual Damage, EAD is $ 349B ($ 330B - $ 376B),

where all values are in 2005 US dollars. Note that these values are significantly lower

than figures reported by Kirezci et al. (2020). There are a number of reasons for this:

the present figures are “annual” values, rather than 100-year return period values, the

present values account for existing coastal defences and the values reported here are

estimates of actual damage to assets rather than the value of assets exposed to flooding.

5.6.1.1 No socio-economic change case

As noted above, under the no socio-economic change case, it is assumed that there are

no changes in population or GPD, but ESL probabilities, and hence the flood risk,

change for emission representative concentration pathways, RCP4.5 and RCP8.5. The

resulting global increases in values of EAPA and EAD in 2050 and 2100 are shown in

Table 5.2. By 2100 for RCP4.5 the EAPA changes by +25M people (+71% change)

and for RCP8.5, EAPA changes by +36M people compared to the present day (+103%

change). Similarly, by 2100, EAD changes by +$ 324B (+93% change) for RCP4.5

and by +$ 481B (+138% change) for RCP8.5. Note, for clarity, throughout this paper

increases (or decreases) are shown with a “+” (“-”) sign whereas absolute totals have

no sign. Also, all such change values are relative to the baseline year 2015.

5.6.1.2 Constant flood probability scenario

The impact due only to the projected population and GDP changes (constant flood

probability scenario), as defined by the various SSP narratives, is shown in Table 5.3.

This scenario would occur if new adaptation measures introduced were such that the

probabilities of coastal flooding remained unchanged from that at present. Under SSP1,

both the global and LECZ populations increase by 2050 and then decrease by 2100
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(relative to 2015). The mean EAPA shows a similar behaviour, increasing by +7.0M

people by 2050 and subsequently decreasing by -3M people by 2100 (both figures relative

to the present-day, 2015; confidence limits shown in Table 5.3). With SSP3, the global

and LECZ populations increase continually through the 21st century, which are also

reflected in the EAPA (Table 5.3), with a change of +17.0M people affected by 2050 and

a change of +30M people affected by 2100. The changes in global and LECZ populations

for SSP5 (Table 5.1) are similar to SSP1, increasing in 2050 and subsequently decreasing

by 2100. There is a resulting change in EAPA of +7M people by 2050 and a subsequent

change (relative to 2015) of -3M by 2100 for SSP5. The EAD is a function of both

population and GDP and hence, its projected changes under this scenario are more

complex than that of the EAPA. Unlike population, the global GDP is projected to

continually increase over the 21st century for all SSPs. The largest growth is projected

for SSP5 and the smallest for SSP3. In response, there is a continual growth in EAD for

all three SSPs. The largest changes both at 2050 and 2100 are seen for SSP5 (Table 5.3),

+US$ 1,343B by 2050 and +US$ 4,863B by 2100. This reflects the projected high level of

growth in GDP which overwhelms the relatively small population decreases (compared

to the baseline year 2015) projected in coastal regions.

A comparison of the no socio-economic change case and the constant flood probability

scenario shows the impact that projected changes in population and GDP have compared

to projected increases in ESL on values of EAPA and EAD. For EAPA, changes

in ESL alone have a larger impact than the effects of socioeconomic changes alone.

However, for EAD, the impacts of the socioeconomic changes (constant flood probability

scenario) can be an order of magnitude larger than that of ESL impacts alone (no

socio-economic change case). This result clearly shows the importance of considering

projected changes in all three quantities: extreme sea levels, population and GDP, when

assessing the impact of episodic coastal flooding in the future.

5.6.1.3 No additional adaptation scenario

Table 5.4 shows the results for the no additional adaptation scenario, where there are

changes in population, GDP and flooding extent as a function of time. In this case, for

all SSP narratives, the EAPA continually increases with time. This occurs because,

even if the population densities decrease, as is the case under SSP1 and SSP5, the area

flooded continues to increase. The result is that more people are affected annually. By

2100, most people are impacted under the SSP3-8.5 pathway with a change of +92M

people. In terms of EAD, again there is an increase with time across all SSPs. By 2100,

the SSP3-8.5 pathway shows the lowest change in EAD at +US$ 3,165B, reflecting the

low GDP growth for this narrative. In contrast, the SSP5-8.5 pathway shows the largest
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Expected Annual People Affected (M people)
Present

(34M) 35M (38M)

No socio-economic change 2050 2100

RCP4.5 (+4M) +10M (+16M) (+14M) +25M (+38M)
RCP8.5 (+5M) +12M (+17M) (+20M) +36M (+53M)

Expected Annual Damage (US$ B)
Present

($335) $353 ($380)

No socio-economic change 2050 2100

RCP4.5 (+$52) +$127 (+$218) (+$160) +$324 (+$522)
RCP8.5 (+$63) +$146 (+$239) (+$257) +$481 (+$849)

Table 5.2: Global Expected Annual People Affected (EAPA) and Expected Annual
Damage (EAD) for the present-day (2015), 2050 and 2100 for RCP4.5 and RCP8.5
emission pathways and the scenario of no socio-economic change. For each quantity
the mean value is shown, along with the 5th and 95th percentile confidence limits (in
brackets). The values for the present day (2015) are absolute values. The values for
2050 and 2100 are the changes compared to 2015 (represented by the ± sign). All dollar
values are expressed in constant 2005 US$ . [This scenario assumes there is no change
in population or GDP with time]

change in EAD of +US$ 11,734B, again as a result of the large growth in GDP for this

narrative.

Table 5.5 shows the values of EAD expressed as percentages of the total produced GDP

at the date considered for each RCP/SSP combination (note – total values, not changes).

At present, the global EAD is 0.37% of GDP. In the absence of a future increase in adap-

tation measures (no additional adaptation scenario), this value is estimated to increase

to approximately 0.65% - 0.67% by 2050 irrespective of the SSP narrative, reflecting

that population and GDP values do not diverge greatly under any of the SSP narratives

by the mid-century. By 2100, however, the largest percentage increase in EAD occurs

under SSP3-8.5 with a value of 1.26% of GDP. This is because, the lowest increase in

the global GDP and highest increase in the population considered in this study is for

this RCP/SSP combination. Keeping the flood probabilities unchanged throughout the

century (constant flood probability scenario), that is, enhancing adaptation measures,

reduces the highest percentage EAD (under SSP3) to 0.54% of global GDP. Note that

this value is still higher than for the present day.

Hence, ensuring that global levels of flood protection keep pace with otherwise projected

increases in coastal flooding, can approximately halve the globally averaged mean EAD

compared to the case of taking no additional action.
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Expected Annual People Affected (M people)
Present

(34M) 35M (38M)

Constant flood probability 2050 2100

SSP1 (+7M) +7M (+8M) (-3M) -3M (-3M)
SSP3 (+17M) +17M (+18M) (+29M) +30M (+31M)
SSP5 (+7M) +7M (+8M) (-3M) -3M (-3M)

Expected Annual Damage (US$B)
Present

($335) $353 ($380)

Constant flood probability 2050 2100

SSP1 (+$941) +$986 (+$1,061) (+$2,620) +$2,724 (+$2,908)
SSP3 (+$433) +$454 (+$489) (+$1,112) +$1,157 (+$1,232)
SSP5 (+$1,282) +$1,343 (+$1,444) (+$4,669) +$4,863 (+$5,201)

Table 5.3: Global Expected Annual People Affected (EAPA) and Expected Annual
Damage (EAD) for the present-day (2015), 2050 and 2100 for SSP1, SSP3 and SSP5
pathways and the scenario of constant flood probability. For each quantity the mean
value is shown, along with the 5th and 95th confidence limits (in brackets). The values
for the present day (2015) are absolute values. The values for 2050 and 2100 are the
change compared to 2015 (represented by the ± sign). All dollar values are expressed
in constant 2005 US$. [This scenario assumes there is no change in flooding extent in
the future with all changes due to changed population and GDP with time]

Expected Annual People Affected (M people)
Present

(34M) 35M (38M)

No additional adaptation 2050 2100

RCP4.5-SSP1 (+12M) +20M (+28M) (+11M) +21M (+32M)
RCP8.5-SSP3 (+24M) +35M (+43M) (+66M) +92M (+121M)
RCP8.5-SSP5 (+13M) +22M (+29M) (+18M) +32M (+49M)

Expected Annual Damage (US$B)
Present

($335) $353 ($380)

No additional adaptation 2050 2100

RCP4.5-SSP1 (+$1,136) +$1,507 (+$1,870) (+$4,209) +$5,589 (+$7,127)
RCP8.5-SSP3 (+$579) +$808 (+$1,021) (+$2,279) +$3,165 (+$4,361)
RCP8.5-SSP5 (+$1,583) +$2,091 (+$2,550) (+$8,690) +$11,734 (+$16,075)

Table 5.4: Global Expected Annual People Affected (EAPA) and Expected Annual
Damage (EAD) for the present-day (2015), 2050 and 2100 for SSP1-4.5, SSP3-8.5 and
SSP5-8.5 pathways and the scenario of no additional adaptation. For each quantity
the mean value is shown, along with the 5th and 95th percentile confidence limits (in
brackets). The values for the present day (2015) are absolute values. The values for
2050 and 2100 are the change compared to 2015 (represented by the ± sign). All dollar
values are expressed in constant 2005 US$. [This scenario assumes that the flooding
extent increases in the future with no changes in coastal defences and that population
and GDP change with time]
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Expected Annual Damage (% of GDP)
Present

(0.35%) 0.37% (0.40%)

Scenario 1 2050 2100
RCP4.5 (0.41%) 0.51% (0.63%) (0.53%) 0.72% (0.96%)
RCP8.5 (0.42%) 0.53% (0.65%) (0.63%) 0.88% (1.30%)

Scenario 2 2050 2100
SSP1 (0.44%) 0.47% (0.50%) (0.52%) 0.54% (0.58%)
SSP3 (0.43%) 0.45% (0.49%) (0.52%) 0.54% (0.58%)
SSP5 (0.44%) 0.47% (0.50%) (0.49%) 0.51% (0.55%)

Scenario 3 2050 2100
RCP4.5 – SSP1 (0.51%) 0.65% (0.78%) (0.80%) 1.05% (1.32%)
RCP8.5 – SSP3 (0.51%) 0.65% (0.78%) (0.94%) 1.26% (1.70%)
RCP8.5 – SSP5 (0.53%) 0.67% (0.81%) (0.89%) 1.19% (1.62%)

Table 5.5: Expected Annual Damage (EAD) for the present (2015), 2050 and 2100 for
the scenarios of: no socio-economic change, constant flood probability and no additional
adaptation and different RCP/SSP pathways/narratives. All values represent the EAD
as a percentage of the GDP at the calculation time frame (present, 2050, 2100) under
that scenario. For each quantity the mean value is shown, along with the 5th and 95th

percentile confidence limits (in brackets).

5.6.2 Regional and National Scale Analysis

To discretize the above global scale assessment into regional and national scales, the

values at each DIVA point were aggregated into the climate reference regions presented

by Iturbide et al. (2020). Figure 5.3 shows the mean EAPA and EAD for 2015 across

these regions. The regions are ranked in terms of these quantities in Table A.1. As

shown in Figure 5.3, S.E. Asia, S. Asia, E. Asia and W. Africa dominate global EAPA.

This occurs because of relatively low levels of coastal defences (< 0.5m – Figure 5.2),

large populations and, in the cases of E. Asia and S. Asia, relatively large flooded areas

(Kirezci et al., 2020). In total, S.E. Asia, E. Asia and S. Asia account for a total of

31M people impacted annually. Note that the global total EAPA is 35M people (Table

5.2), demonstrating how these regions dominate the global totals (89% of the total).

The EAD shows a similar global distribution, but with a reduced impact on W. Africa

as a result of the very low GDP of this region. The three highest ranked regions in

terms of EAD (2015), S.E. Asia, E. Asia and S. Asia account for an EAD of US$ 245B

(Table A.1) compared to the global total EAD of US$ 349B (Table 5.2) (69%), a lower

percentage of the total compared to EAPA (69% compared to 89%). This reflects the

lower GDP of these mostly developing Asian regions, relative to developed countries.
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Figure 5.3: Present-day values (2015) of (a) Expected Annual People Affected
(EAPA) and (b) Expected Annual Damage (EAD) in each of the 51 climate refer-
ence regions defined by Iturbide et al. (2020).

5.6.2.1 No socio-economic change case

Under the no socio-economic change case (no changes in population or GDP), S. Asia,

S.E. Asia, the Mediterranean and E. Asia regions have the largest increase in EAPA

by 2050. However, by 2100, S.E. Asia dominates (Figures 5.4, 5.5, Tables A.2 and A.3).

These results are consistent across both RCPs 4.5 and 8.5. This occurs because of the

more rapid increases in the flooded area in S.E. Asia between 2050 and 2100 (Kirezci et

al., 2020). A similar result is obtained for the increase in EAD, with the Mediterranean

having the largest values in 2050 (Fig. 5.4, and Table A.4) but is overtaken in the

ranking by S.E. Asia by 2100 (Fig. 5.5 and Table A.5). The Mediterranean dominates

in 2050 because of its higher GDP but the relatively higher growth in the flooded area

in S.E. Asia changes the ranking order by 2100. Note that the Mediterranean values are

dominated by Egypt (see Section 5.6.2.4).

5.6.2.2 Constant flood probability scenario

Under the constant flood probability scenario (no change in flooding extent but changing

population and GDP), in 2050, S. Asia followed by W. Africa show the highest increases

in EAPA (Fig. 5.6 and Table A.6) for all SSP narratives. By 2100 (Fig. 5.7 and Table

A.7), the changing population shifts result in S. Asia being the most impacted region

in terms of EAPA for SSP3. However, W. Africa becomes the region with the highest

increase in EAPA for SSP1 and SSP5. In 2100, the largest increase in EAD (Figure 5.7,

Table A.9) occurs for S. Asia followed by S.E. Asia for all SSP narratives. All increases

mentioned are relative to 2015 values.
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Figure 5.4: Change in EAPA (left panels) and EAD (right panels) in 2050 for
scenario of no socio-economic change [ i.e. no changes in population or GDP as a
function of time]. (a) RCP4.5, (b) RCP8.5. Values represent change relative to 2015.

5.6.2.3 No additional adaptation scenario

The no additional adaptation scenario assumes that the flooding extent increases in the

future with no changes in coastal defences and that population and GDP change with

time. Figure 5.8 and Figure 5.9 show the values of EAPA and EAD for 2050 and 2100,

respectively. The ranked list of regional impacts is also shown in Table 5.6 (top 5) and

Tables A.10, A.11, A.12 and A.13 (full list).

The distribution and magnitudes of EAPA under the three different RCP/SSP combi-

nations shown in Figures 5.8 and 5.9 (Table 5.6) differ markedly. In each case, however,

it is the S. Asia region which has the highest EAPA and EAD values. By 2100 (relative

to 2015), the projected number of people impacted annually in S. Asia will change by

between +6.5M and +30.8M (Table 5.6, Table A.11) depending on the RCP/SSP com-

bination. As clearly seen in Figure 5.9, W. Africa, the Mediterranean (largely Egypt)

and S.E. Asia also show a significant change in people impacted annually by 2100 rela-

tive to 2015 (between +5.3M and +18.6M – Table 5.6). Table 5.6 also shows that the

different SSP narratives have a striking impact on the EAPA. The values of EAPA

for SSP3-8.5 are typically 3 times larger than those for SSP5-8.5, driven by the higher

population growth under the SSP3 narrative. The much lower population growth pro-

jected to occur in N. Europe and N. America, together with the higher levels of coastal
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Figure 5.5: Change in EAPA (left panels) and EAD (right panels) in 2100 for
scenario of no socio-economic change [ i.e. no changes in population or GDP as a
function of time]. (a) RCP4.5, (b) RCP8.5. Values represent change relative to 2015.

protection in place (Figure 5.2), mean that these regions have a much lower increase in

EAPA than the developing regions mentioned above.

The regional distributions of EAD (Figure 5.8, Figure 5.9, Table 5.6 and Table A.12,

A.13) are similar to EAPA but the differences between developing and developed regions

are less striking (both for 2050 and 2100). Again, by 2100, S. Asia shows the largest

change in EAD ranging between (+US$ 765B and +US$ 3,353B), depending on the

RCP/SSP combination. For all combinations of RCP/SSP the top five regions impacted

are S. Asia, S.E. Asia, W. Africa, E. Asia and the Mediterranean. Across these 5 regions

the aggregate changes in EAD are +US$ 2,706B (SSP3-8.5), +US$ 4,808B (SSP1-4.5),

+US$ 9,682B (SSP5-8.5). Under the SSP5-8.5 scenario, the developed world is also

impacted by 2100 with N. Europe ranking 6th (Table A.13, +US$ 269B), E.N. America

ranking 7th (Table A.13, +US$ 232B) and C.N. America ranking 9th (Table A.13, +US$

220B).

5.6.2.4 National Analysis

The regional analysis described above can also be performed at the national level. Tables

A.14 to A.26 show the top 10 countries for present-day (2015) coastal flooding impacts

as well as increases by 2050 and 2100 (relative to 2015) under both combinations of
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No additional
adaptation

Change in Expected Annual People Affected (M people)

2050

SSP1-4.5 SSP3-8.5 SSP5-8.5

Rank Region EAPA Rank Region EAPA Rank Region EAPA

1 S Asia +8.4 1 S Asia +13.9 1 S Asia +8.8

2 Med +2.9 2 SE Asia +6.8 2 Med +3.4

3 SE Asia +2.9 3 W Africa +4.7 3 SE Asia +3.0

4 W Africa +2.6 4 Med. +4.4 4 W Africa +2.6

5 E Asia +0.9 5 E Asia +1.2 5 E Asia +1.1

2100

SSP1-4.5 SSP3-8.5 SSP5-8.5

Rank Region EAPA Rank Region EAPA Rank Region EAPA

1 S Asia +6.5 1 S Asia +30.8 1 S Asia +8.3

2 W Africa +5.3 2 SE Asia +18.6 2 Med +6.5

3 Med +5.1 3 W Africa +16.5 3 W Africa +6.2

4 SE Asia +1.0 4 Med +13.6 4 SE Asia +3.0

5 CN Amer +0.6 5 SE Africa +1.9 5 CN Amer +1.1

No additional
adaptation

Change in Expected Annual Damage (US$B)

2050

SSP1-4.5 SSP3-8.5 SSP5-8.5

Rank Region EAD Rank Region EAD Rank Region EAD

1 S Asia +$490B 1 S Asia +$222B 1 S Asia +$663B

2 SE Asia +$339B 2 SE Asia +$167B 2 SE Asia +$461B

3 E Asia +$224B 3 E Asia +$114B 3 E Asia +$319B

4 Med +$145B 4 Med +$109B 4 Med +$207B

5 W Africa +$91B 5 W Africa +$39B 5 W Africa +$126B

2100

SSP1-4.5 SSP3-8.5 SSP5-8.5

Rank Region EAD Rank Region EAD Rank Region EAD

1 S Asia +$1,174B 1 S Asia +$765B 1 S Asia +$3,353B

2 SE Asia +$1,105B 2 SE Asia +$743B 2 SE Asia +$2,285B

3 W Africa +$899B 3 Med +$564B 3 W Africa +$1,747B

4 Med +$686B 4 W Africa +$414B 4 Med +$1,377B

5 E Asia +$374B 5 E Asia +$222B 5 E Asia +$921B

Table 5.6: Regional ranking of changes in EAPA and EAD relative to 2015 for the
scenario of no additional adaptation [assumes that the flooding extent increases in the
future with no changes in coastal defences and that population and GDP change with
time]. Projected values are shown for both 2050 and 2100 and for three RCP/SSP
pathways/narratives. All dollar values are expressed in 2005 US$
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Figure 5.6: EAPA (left panels) and EAD (right panels) in 2050 for the scenario
of constant flood probability, where adaptation measures increase over time such that
flooding probability remains constant. Values shown represent the change relative to
2015. Panels show different Shared Socio-economic narratives (a) SSP1, (b) SSP3, (c)
SSP5.

adaptation scenarios and SSP narratives considered. When ranked by order of EAPA,

by 2050, India is projected to experience the highest changes under all combinations

of scenarios (values between +2.1 M and +8.8 M people/year). These compare to

the present-day value for India of 7.5M people/year. By 2100, the rank order of EAPA

changes is more complicated. India is projected to have the highest changes of EAPA in

2100 for, the constant flood probability scenario - SSP3 and the no additional adaptation

scenario – SSP1-4.5, SSP3-8.5 and SSP5-8.5. Nigeria ranks first for the constant flood

probability scenario - SSP1 and SSP5. The projected changes in EAD show a more

straightforward situation than the EAPA. For all future SSP narratives considered and

both adaptation scenarios, India is projected to have the largest changes in EAD in

both 2050 and 2100.

Tables A.27 and A.28 show the EAD as a percentage of national GDP (note: total
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Figure 5.7: EAPA (left panels) and EAD (right panels) in 2100 for the scenario
of constant flood probability, where adaptation measures increase over time such that
flooding probability remains constant. Values shown represent the change relative to
2015. Panels show different Shared Socio-economic narratives (a) SSP1, (b) SSP3, (c)
SSP5.

values, not changes) for 2050 and 2100 under the no additional adaptation scenario.

Whereas the absolute changes presented above illustrate the comparative impact, the

percentage figures better illustrate the impact on individual nations. When expressed in

this form, the differences between the various RCP/SSP combinations are much reduced

at national level. By 2100, the high growth in global GDP and the relatively high land

areas flooded yields the highest values for SSP5-8.5. This is only 1% or 2% higher than

for SSP3-8.5 but up to 6% higher than SSP1-4.5. The striking feature of the rankings is

that developing nations are clearly the most impacted. Guyana, Vietnam, Mauritania,

Myanmar and Egypt make up the top 5 nations in terms of the EAD/GDP ratio for

all RCP/SSP combinations. These values are generally larger than 6% of GDP for the

EAD and as high as 17.7% for Guyana. Very few developed nations appear in the top

50 nations for EAD/GDP ratio across all RCP/SSP narratives for the no additional

adaptation scenario. Those that do appear, are nations which have a relatively large
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Figure 5.8: EAPA (left panels) and EAD (right panels) in 2050 for the scenario
of no additional adaptation, where there are no changes in adaptation measures from
present-day and flooding probability increases with time. Values shown represent the
change relative to 2015. Panels show different RCP/SSP narratives (a) SSP1-4.5, (b)
SSP3-8.5, (c) SSP5-8.5.

percentage of their infrastructure close to the coast. Japan appears in the top 35 with a

projected impact of approximately 2% of GDP and Australia ranks between 45 and 50

with an impact of less than 1.5% of GDP (all figures for 2100, Table A.28).
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Figure 5.9: EAPA (left panels) and EAD (right panels) in 2100 for the scenario
of no additional adaptation, where there are no changes in adaptation measures from
present-day and flooding probability increases with time. Values shown represent the
change relative to 2015. Panels show different RCP/SSP narratives (a) SSP1-4.5, (b)
SSP3-8.5, (c) SSP5-8.5.
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5.7 Limitations

A global-scale analysis of the type undertaken here requires a number of simplifying

assumptions to make the problem tractable. This analysis extends the approach of

Kirezci et al. (2020) to probability levels other than 1 in 100 years and integrates these

values to determine EAPA and EAD. Kirezci et al. (2020) validated their extreme

value analysis approach against an extensive network of global historical tide gauge

data. This same extreme value analysis was adopted here (i.e. Generalized Pareto

Distribution). The future projections of ESL do not, however, include possible changes

in extreme values of surge, tide levels and wave climate over the coming century, which

were assumed small compared to the effect relative sea level rise has on changes in ESLs.

Extreme value analyses as undertaken here are stochastic projections and hence involve

uncertainty. Following Kirezci et al. (2020), the 90th percentile confidence limits on all

projections were calculated using a bootstrap approach (See Section 5.5 and are shown

in Tables 5.2, 5.3, 5.4 and 5.5.

A “bath tub” flooding approach has been assumed to estimate areas impacted by coastal

flooding. Such an approach ignores the attenuation of the overland flooding and poten-

tially overestimates the potential impacts (Vafeidis et al., 2019). However, at global

scale a more detailed flooding approach is not practical.

No global dataset of absolute values of coastal protection is available. Rather, the DIVA

database (Hinkel and Klein, 2009) contains values of the design return periods at a

sub-national basis. These were used here with an assumed probability distribution to

estimate the corresponding protection levels. Although such an approach is consistent

with design standards in each nation, whether such protection levels are always followed

is unknown. This will result in uncertainties in some areas regarding the exact levels of

present-day coastal protection.

A commonly used depth-damage relation, Eq. 5.1, (Hinkel et al., 2014) is used to

estimate infrastructure damage given the depth of flooding and value of assets exposed.

Although this approach has precedence in the literature, it is a global average value and

will vary in specific locations giving rise to uncertainty.

The EAPA and EAD were estimated from integration of the probability distribution

function of extreme flooding extent (Eqs. 5.2 and 5.3). Based on the results of Kirezci

et al. (2020) a Generalized Pareto Distribution (GPD) was assumed (see Section 5.2).

If an alternative distribution had been used, there will be variation in these resulting

values. However, the GPD has been shown to fit both modelled and measured ESL

optimally.
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The present analysis does not include land subsidence due to human induced ground-

water or gas extraction, which may result in underestimation of the flooding impacts.

Although regional relative sea level rise has the greatest impact on the increased coastal

flooding extent, groundwater extraction poses a great challenge especially for densely

populated coastal delta regions (Ericson et al., 2006; Syvitski et al., 2009; Tiggeloven

et al., 2020). However, it is difficult to estimate and model projections of groundwater

extraction at the global scale, as these trends are subject to change in time and are

highly dependent on the dynamics of local communities (Hinkel et al., 2014).
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5.8 Comparison with previous studies

Direct comparisons between the present study and previous global analyses (Diaz, 2016;

Hinkel et al., 2014; Schinko et al., 2020; Tamura et al., 2019; Tiggeloven et al., 2020) are

difficult due to differences in the methodologies and datasets used, which can result in

large variations between the detailed findings. Nevertheless, there is general consensus

across most of these studies, particularly in terms of the importance of future adaptation.

Different studies assume a variety of different adaptation approaches and levels, making

quantitative comparisons impossible. A common approach, however, is to determine

the impacts “without future adaptation” (Hinkel et al., 2014) (as in the no additional

adaptation scenario in this study). Therefore, here we confine comparisons to previous

coastal flooding studies that consider present-day defence levels but do not account for

any future adaptation by 2100.

• Hinkel et al. (2014), applied a range of datasets and adaptation strategies to ac-

count for uncertainties in coastal flood impact projections and adaptation cost

estimates. Factors considered include: a range of regional sea level rise scenarios,

population and asset exposure as well as socioeconomic scenarios SSP1-5. They

found 2100 values of global EAPA of: 0.2% - 2.9% (RCP 2.6) and 0.5% - 4.6%

(RCP8.5) of global population. Values of EAPA for the present study as a percent-

age of global population can be obtained from Table 5.4 and Table 5.5. Including

the span of the 90th percentile confidence limits, this yields values between 0.65%

and 1.25% across all combinations of RCP/SSP. Hinkel et al. (2014) also found

2100 values of EAD ranging between 0.3 - 5.0% GDP (RCP 2.6) and 1.2% – 9.3%

(RCP8.5), compared to 0.8% to 1.7% obtained in this study across all combina-

tions of RCP/SSP (Table 5.5). Hence, the present results are at the lower end of

the Hinkel et al. (2014) projections.

• Diaz (2016) developed an optimization model (Coastal Impact and Adaptation

Model -CIAM) within the perspective of economic efficiency and found that, in

the absence of future adaptation, the global EAD ranged between (∼ US$ 1.5 -

US$ 3.2T) by 2100. This compares with the range US$ 2.6T to US$ 16.5T for the

present study (Table 5.4) across all combinations of RCP/SSP.

• Tamura et al. (2019) project global EAPA by 2100 between 55.3M (RCP2.6, SSP1)

and 106M (RCP8.5, SSP3). This compares with values between 45M and 158M

(Table 5.4) across all RCP/SSP combinations in the present study. Tamura et al.

(2019) projections of EAD range between US$ 169B (SSP3-2.6) and US$ 482B

(SSP1-8.5), compared to the range US$ 2.6T to US$ 16.5T (present-day absolute

values plus future change in Table 5.4) for the present study. Hence the present



Chapter 5 – Global analysis of the regional impacts of coastal flooding over the 21st

Century 105

values of EAPA are comparable to Tamura et al. (2019) but the values of EAD

for the present study are much higher than those of Tamura et al. (2019).

• Tiggeloven et al. (2020) determined global adaptation costs by 2080 for SSP5-8.5,

obtaining a range of US$ 3T to US$ 6.8T/year. Table 5.4 shows values of EAD

for SSP5-8.5 of US$ 1.8T to US$ 2.8T in 2050 and US$ 9.0T to US$ 16.3T by

2100 for the present study. Therefore, the Tiggeloven et al. (2020) 2080 values lie

between these limits, indicating the studies yield comparable results.

• Schinko et al. (2020) considered economic impacts addressing the macro-economic

implications of coastal flooding together with the direct damage and found that in

the absence of the future adaptation, under SSP2-2.6 and SSP2-4.5, by 2050 the

global EAD would be 0.17% - 0.55% (SSP2-4.5) and 0.13% - 0.54% (SSP2-2.6)

of GDP. This compares to values between 0.51% and 0.81% (Table 5.5) across all

combinations of RCP/SSP by 2050 in the present study. By 2100 Schinko et al.

(2020) project a global EAD of 1.5% - 4.5% (SSP2-4.5) and 0.6% - 3.5% of GDP

(SSP2-2.6). In comparison, the present study projects a global EAD of between

0.8% and 1.7% of GDP by 2100 across all combinations of RCP/SSP. Noting the

different methodologies used, the results are comparable.

As noted above, these previous studies produce a very large range of EAPA and

EAD values, and due to differences in methodology and datasets used, direct com-

parisons with the present study are difficult. Noting this, however, the projections

provided by these previous studies span the range of projections obtained in our

analysis.
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5.9 Discussion

The majority of global-scale analyses of future coastal flooding consider the impacts of

episodic events such as 1 in 100-year floods and, where they extend this to socio-economic

consideration, the populations potentially impacted and the assets exposed to damage

(Kirezci et al., 2020; Muis et al., 2016). Such studies provide a valuable understanding of

potential “hot-spots” where episodic coastal flooding is likely to be a significant problem.

However, aggregation of the results tends to significantly overestimate potential impacts.

To address these issues, the present study, builds on the recent global analysis of Kirezci

et al. (2020) and considers: expected annual values rather than 1 in 100-year values over

the 21st century using IPCC RCP 4.5 and RCP 8.5 sea level rise scenarios, estimates

of the present levels of coastal protection in place, estimates of infrastructure damage

rather than assets exposed and considers how population and GDP may change in the

future. As noted previously, these are similar to the approaches used by Tiggeloven

et al. (2020) and Schinko et al. (2020).

Impacts for the World

Our results demonstrate that both projected changes in episodic coastal flooding and

changes in future population and GDP result in substantial differences between the

present and future coastal flood impacts in terms of people affected and damage caused

to infrastructure. Without any future adaptation (no additional adaptation scenario),

global EAPA and EAD in 2100 change by +92M people/year (Table 5.4, SSP3-8.5)

and +US$ 11,734B/year (Table 5.4, SSP5-8.5), relative to 2015. As noted below, these

estimates are sensitive to assumptions made in computing flooding extent, coastal topog-

raphy databases used and projected changes in population and GDP. Previous studies

produce a wide range of values (see Section 5.8), with the results of the present study

falling approximately in the middle of such studies (Diaz, 2016; Hallegatte et al., 2011;

Hinkel et al., 2014; Schinko et al., 2020; Tamura et al., 2019; Tiggeloven et al., 2020).

Our results indicate that under even a simplistic adaptation approach (constant flood

probability scenario) that responds to changes in regional RSLR, the impacts of poten-

tial coastal flooding in terms of affected population, changes in EAPA, are significantly

reduced (to +30M people/year, Table 5.3, SSP3), a factor of 3.1. Similarly, the change

in EAD is reduced to +US$ 4,863B/year (Table 5.3, SSP5), a factor of 2.4.

The regional impacts of adaptation can be assessed by comparison of the constant flood

probability and no additional adaptation scenarios in 2100 for EAPA (Tables A.7 and

A.11) and EAD (Tables A.9 and A.13). Relative changes in projected LECZ popula-

tion changes tend to be more significant in developed rather than developing countries.

Therefore, the inclusion of the adaptation measures in the constant flood probability
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scenario (SSP3-8.5) results in a decrease in EAPA for S. Asia by a factor of 2.4; W.

Africa by 2.0; S.E. Asia by 4.4 and W.N. America by 8.0. The impact of adaptation on

EAD by 2100 shows less regional variability with S. Asia decreasing by a factor of 2.1;

W. Africa by 2.0, S.E. Asia by 2.3; W.N. America by 1.7 and E.N. America by 3.0.

A comparison of global present-day values of EAPA with the no additional adaptation

scenario values in 2100 (no changes to adaptation and SSP3-8.5) projects a factor 3.6

increase in of the number of people impacted (Table 5.4). For EAD the increase relative

to present-day values is a factor as large as 25 (SSP5-8.5), (Table 5.4). The regional

changes between present-day and the no additional adaptation scenario in 2100 show

significant regional variation from these global values. For EAPA, we project increases

for (compare Table A.1 with SSP3-8.5, Table A.11): S. Asia by a factor of 3.6; W.

Africa by 6.2; S.E. Asia by 2.6; W.N. America by 9.0 and E.N. America by 1.5. The

corresponding increases in values for EAD by 2100 are (compare Table A.1 with SSP5-

8.5, Table A.13): S. Asia by a factor of 53; W. Africa by 89; S.E. Asia by 25 times; W.N.

America by 18 and E.N. America by 25.

These results show that adaptation measures will be a critical element of addressing

episodic coastal flooding under any plausible RCP/SSP narratives, as they significantly

reduce projected EAPA and EAD. However, the impacts of coastal flooding will dispro-

portionately fall on the developing world, both in absolute terms and relative to GDP.

As shown by Table 5.6, by 2100 the largest increases in both EAPA and EAD will be

borne by S. Asia, S.E. Asia, E. Asia, W. Africa and the Mediterranean (Egypt). This is

clearly seen in Table A.28 which shows the EAD as a percentage of GDP by country in

2100 for the no additional adaptation scenario. The top ten places in the world ranking

are dominated by developing countries such as: Guyana, Vietnam, Mauritania, Myan-

mar, Egypt, Bangladesh and Fiji. All of these have an EAD in excess of 6% of GDP. In

contrast, almost all of the developed world have an EAD of less than 2% of GDP, with

the global mean EAD being 1.2% (Table 5.5, no additional adaptation scenario). At

these levels, it is likely that developed nations will be able to cope with impacts of this

magnitude without major disruption. However, the developing world will face major

disruption.
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Discussion and Conclusion

Episodic coastal flooding due to extreme sea levels poses one of the greatest challenges for

coastal societies and the global economy, specifically in low lying coastal areas. Future

projections of such complex natural occurrences over the upcoming century are even

more challenging, due to large uncertainties associated with future climate change. Sea

level rise is one of the most obvious impact of climate change and recent estimates

highlight its significance for the coastal zones. It is crucial to identify the areas which

are likely to be most affected by the impacts of coastal flooding in a changing climate:

from small scale regional coastal communities to the global scale. Although there is a

large body of literature based on local to continental scale estimates and projections of

the coastal flooding over the 21st century, investigation of global scale implications of

episodic coastal flooding is still an evolving research area. Future projections of global

analyses provide a broad picture of at-risk coastal areas in order to assess their resilience

and vulnerabilities. The results of such an investigation provides a baseline for decision

and policy makers as detailed in a number IPCC reports.

One of the most obvious impacts of climate change induced sea level rise is increased

levels and frequencies of extreme flooding of the LECZs. It follows that it is a funda-

mental task to determine values of the present impacts as accurate as possible.These

present day predicts form the basis for projections of future conditions. Although there

are rather large uncertainties inherent in future estimates of coastal flooding, it is still

important to estimate the potential risk with associated estimates of error. Such studies

then provide the basis for future policy development and considerations of adaptation

required.

The main scope of this PhD thesis is to investigate and identify the present and future

impacts of sea level rise in coastal areas: both at global and regional scales.

108
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To construct time series of historical sea levels, global models of surge, tide and wave

setup are combined at 9,866 coastal points predefined by the Dynamic Interactive Vul-

nerability Assessment (DIVA) database, and rigorously validated against a quasi-global

tide gauge network (GESLA-2). The validation demonstrates good agreement between

model data and the observations both for ambient conditions and extremes. Modelling

wave setup is a challenging task for large scale application due to limitations of the

datasets and is generally ignored or given less importance at the global scale. Here, we

show that inclusion of wave setup improves the TSL estimates especially for extreme

conditions (e.g., during storms).

Stochastic prediction of extreme sea levels is conducted using Extreme Value Analysis

methods with a wide range of approaches explored to determine the best-fit to the data.

An extensive validation against tide gauge records is conducted for the historical extreme

sea levels to ensure the robustness of the calculated values. To determine extreme sea

levels over the 21st century, future values are calculated by adding the projected sea level

rise under RCP 4.5 and 8.5 to the present extreme sea levels. The resulting values are

then translated into coastal flooding extent using a GIS based approach. The resulting

flood inundation levels make it possible to conduct coastal impact analysis from the

socioeconomic perspective, i.e., population and asset exposure over the next century.

Under RCP 8.5, we project for most of the global coastal areas that what is presently

a 1 in a 100-year event, is likely to occur as frequent as 1 in 10 years by 2100, due to

projected sea level rise. In the absence of coastal protection, the analysis shows that

by 2100 for RCP 8.5, global coastal flooding extent will increase by 48% compared to

the present day, impacting 2.5 – 4.1% of the world’s population (increase of 52%) and

threatening assets worth up to 12 - 20% of global GDP (increase of 46%). Despite the

limitations that are necessary to conduct such a global-scale analysis, the results provide

a ”first-pass” analysis which is essential for further policy development.

Future implications of the coastal flooding for exposed populations and assets are highly

dependent on the projected changes in the socioeconomic parameters which vary region-

ally. Therefore, to identify and highlight the most impacted coastal areas, and inform

decision and policy makers, aggregating the coastal flooding parameters available at in-

dividual coastal locations to the regional and national level is necessary. In this study,

further calculations of the present and future values of Expected Annual People Affected

(EAPA) and Expected Annual Damage (EAD) are also determined considering esti-

mates of global coastal defences in-place at present. To determine the values of EAPA

and EAD, combinations of IPCC RCP 4.5 and 8.5, Shared Socioeconomic Pathways (1,

3 and 5) and three simplistic adaptation scenarios are considered over the 21st century.

We show that these future changes in coastal flooding impacts on coastal areas are dom-

inated by the socioeconomic projections. We demonstrate the critical importance of
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adaptation in reducing increases in EAPA and EAD. Another important finding is that,

future impacts of climate change on episodic coastal flooding will disproportionately

affect developing nations. By 2100, the largest increases in both EAPA and EAD will

be borne by S. Asia, S.E. Asia, E. Asia, W. Africa and the Mediterranean. Our results

show that the EAD as a percentage of national GDP will significantly impact developing

countries such as Guyana, Vietnam, Myanmar, Egypt, Bangladesh, and Fiji which will

have EAD in excess of 5% of national GDP. In contrast, almost all of the developed

world is projected to have an EAD of less than 2% of their respective national GDP. At

such levels the developed world is likely to be able to respond to future coastal flooding.

However, the developing world is likely to be plunged into greater poverty.

6.1 Future Work

As noted previously, the present study is a first-order analysis and there is much scope

for future work. An obvious extension is to investigate future changes in surge and

wave climate over next century. The large uncertainty around extreme sea levels and

the projections of sea level rise indicate further sensitivity analysis around the impacts

of these contributors is warranted. Our analysis uses a simplistic ”bath-tub” flooding

model. As computing resources develop, more sophisticated overland flooding models

could be used to refine projections.

The stochastic extreme value analyses used in this and comparable studies introduce

large uncertainties. Although we quantify the confidence limits on our estimates, more

advanced approaches using, for example, ensemble of models have great potential. More-

over, future work could be undertaken by conducting multi-parameter sensitivity analy-

sis as well as exploration of the uncertainties within the topographic and socioeconomic

datasets used.

Finally, the present study provides the basis for much policy development as to how

the world should best mitigate the inevitable impacts of future coastal flooding. Such

analysis will be critical for many of the most vulnerable communities of the world.
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Rank # Region Million People Rank # Region Billion $US-2005

1 S.E.Asia 11.88 1 S.E.Asia $92.77B
2 S.Asia 11.76 2 E.Asia $89.20B
3 E.Asia 4.19 3 S.Asia $63.07B
4 Western-Africa 3.17 4 Western-Africa $19.48B
5 Mediterranean 0.82 5 West&Central-Europe $11.08B
6 E.Southern-Africa 0.44 6 Mediterranean $10.39B
7 West&Central-Europe 0.29 7 N.Europe $9.51B
8 N.W.South-America 0.29 8 E.North-America $9.47B
9 N.South-America 0.24 9 W.North-America $6.12B
10 Arabian-Peninsula 0.21 10 Arabian-Peninsula $5.70B
11 N.Europe 0.20 11 E.Australia $4.14B
12 E.North-America 0.20 12 N.South-America $3.97B
13 S.Eastern-Africa 0.19 13 W.C.Asia $3.51B
14 N.E.South-America 0.19 14 N.W.South-America $3.32B
15 S.E.South-America 0.16 15 S.E.South-America $2.65B
16 S.Central-America 0.14 16 C.North-America $2.17B
17 W.C.Asia 0.12 17 Caribbean $1.62B
18 W.North-America 0.11 18 N.Central-America $1.30B
19 Caribbean 0.10 19 N.W.North-America $1.19B
20 E.Australia 0.10 20 S.Central-America $1.19B
21 Central-Africa 0.08 21 N.E.South-America $1.02B
22 Madagascar 0.08 22 Central-Africa $0.97B
23 Sahara 0.07 23 S.Australia $0.94B
24 N.Central-America 0.06 24 S.Eastern-Africa $0.75B
25 C.North-America 0.05 25 E.Southern-Africa $0.42B
26 S.Pacific-Ocean 0.04 26 Bay-of-Bengal $0.41B
27 Equatorial.Pacific-Ocean 0.04 27 Sahara $0.34B
28 Bay-of-Bengal 0.04 28 E.Europe $0.26B
29 S.Australia 0.02 29 N.Australia $0.26B
30 E.Europe 0.02 30 Equatorial.Indic-Ocean $0.23B
31 Equatorial.Indic-Ocean 0.02 31 N.E.North-America $0.22B
32 N.W.North-America 0.02 32 Russian-Arctic $0.20B
33 N.Australia 0.01 33 New-Zealand $0.20B
34 N.Pacific-Ocean 0.01 34 Russian-Far-East $0.19B
35 N.Eastern-Africa 0.01 35 Madagascar $0.11B
36 S.W.South-America 0.01 36 S.W.South-America $0.10B
37 New-Zealand 0.01 37 Equatorial.Pacific-Ocean $0.08B
38 Russian-Far-East 0.00 38 C.Australia $0.06B
39 N.E.North-America 0.00 39 S.South-America $0.06B
40 Russian-Arctic 0.00 40 S.Indic-Ocean $0.05B
41 S.Indic-Ocean 0.00 41 Greenland/Iceland $0.02B
42 S.South-America 0.00 42 N.Atlantic-Ocean $0.02B
43 W.Southern-Africa 0.00 43 N.Eastern-Africa $0.02B
44 Equatorial.Atlantic-Ocean 0.00 44 W.Southern-Africa $0.02B
45 N.Atlantic-Ocean 0.00 45 Equatorial.Atlantic-Ocean $0.01B
46 C.Australia 0.00 46 Arabian-Sea $0.00B
47 Greenland/Iceland 0.00 47 Arctic-Ocean $0.00B
48 Arabian-Sea 0.00 48 N.Pacific-Ocean $0.00B
49 Arctic-Ocean 0.00 49 S.Pacific-Ocean $0.00B
50 S.Atlantic-Ocean 0.00 50 S.Atlantic-Ocean $0.00B
51 Southern-Ocean 0.00 51 Southern-Ocean $0.00B

Table A.1: (a) Present-day (2015) values of EAPA and (b) Present-day (2015) values
of EAD (absolute values).
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Rank # Region RCP 4.5 Rank # Region RCP 8.5

1 S.Asia +3.23 1 S.Asia +3.74
2 S.E.Asia +2.75 2 S.E.Asia +3.03
3 Mediterranean +1.76 3 Mediterranean +2.06
4 E.Asia +0.88 4 E.Asia +1.04
5 Western-Africa +0.76 5 Western-Africa +0.85
6 West&Central-Europe +0.16 6 West&Central-Europe +0.17
7 C.North-America +0.10 7 N.South-America +0.11
8 E.North-America +0.10 8 E.North-America +0.11
9 N.South-America +0.10 9 C.North-America +0.10
10 E.Southern-Africa +0.08 10 E.Southern-Africa +0.09
11 N.Europe +0.08 11 N.Europe +0.09
12 S.Central-America +0.07 12 S.Central-America +0.07
13 S.E.South-America +0.06 13 S.E.South-America +0.06
14 N.E.South-America +0.04 14 N.E.South-America +0.05
15 Central-Africa +0.04 15 N.W.South-America +0.04
16 N.W.South-America +0.03 16 W.C.Asia +0.04
17 W.C.Asia +0.03 17 Central-Africa +0.04
18 Madagascar +0.03 18 Madagascar +0.03
19 S.Pacific-Ocean +0.03 19 S.Pacific-Ocean +0.03
20 Caribbean +0.02 20 Caribbean +0.03
21 Sahara +0.02 21 Sahara +0.03
22 W.North-America +0.02 22 W.North-America +0.02
23 Arabian-Peninsula +0.02 23 Arabian-Peninsula +0.02
24 E.Australia +0.02 24 E.Australia +0.02
25 S.Eastern-Africa +0.01 25 S.Eastern-Africa +0.01
26 Equatorial.Indic-Ocean +0.01 26 Equatorial.Indic-Ocean +0.01
27 N.Central-America +0.01 27 N.Central-America +0.01
28 Bay-of-Bengal +0.01 28 Bay-of-Bengal +0.01
29 S.Australia +0.01 29 S.Australia +0.01
30 Equatorial.Pacific-Ocean +0.00 30 E.Europe +0.00
31 E.Europe +0.00 31 Equatorial.Pacific-Ocean +0.00
32 N.Pacific-Ocean +0.00 32 N.Pacific-Ocean +0.00
33 Russian-Arctic +0.00 33 Russian-Arctic +0.00
34 N.Australia +0.00 34 N.Australia +0.00
35 W.Southern-Africa +0.00 35 N.W.North-America +0.00
36 N.W.North-America +0.00 36 New-Zealand +0.00
37 New-Zealand +0.00 37 W.Southern-Africa +0.00
38 Russian-Far-East +0.00 38 Russian-Far-East +0.00
39 S.W.South-America +0.00 39 S.W.South-America +0.00
40 N.Atlantic-Ocean +0.00 40 N.Atlantic-Ocean +0.00
41 N.Eastern-Africa +0.00 41 N.Eastern-Africa +0.00
42 S.South-America +0.00 42 S.South-America +0.00
43 Equatorial.Atlantic-Ocean +0.00 43 C.Australia +0.00
44 C.Australia +0.00 44 Equatorial.Atlantic-Ocean +0.00
45 Greenland/Iceland +0.00 45 Greenland/Iceland +0.00
46 S.Indic-Ocean +0.00 46 S.Indic-Ocean +0.00
47 Arabian-Sea +0.00 47 Arabian-Sea +0.00
48 Arctic-Ocean +0.00 48 Arctic-Ocean +0.00
49 S.Atlantic-Ocean +0.00 49 S.Atlantic-Ocean +0.00
50 Southern-Ocean +0.00 50 Southern-Ocean +0.00
51 N.E.North-America -0.00 51 N.E.North-America -0.00

Table A.2: Scenario of no socio-economic change - EAPA 2050 – full rankings by
region (values show change relative to 2015 in millions of people/year impacted ).
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Rank # Region RCP 4.5 Rank # Region RCP 8.5

1 S.E.Asia +7.87 1 S.E.Asia +11.83
2 S.Asia +6.80 2 S.Asia +9.16
3 Mediterranean +4.01 3 Mediterranean +5.18
4 E.Asia +2.16 4 E.Asia +3.17
5 Western-Africa +1.77 5 Western-Africa +2.51
6 N.Europe +0.26 6 N.Europe +0.53
7 West&Central-Europe +0.24 7 West&Central-Europe +0.43
8 C.North-America +0.24 8 N.South-America +0.36
9 E.North-America +0.24 9 E.North-America +0.32
10 N.South-America +0.23 10 C.North-America +0.31
11 E.Southern-Africa +0.17 11 Central-Africa +0.28
12 S.Central-America +0.16 12 E.Southern-Africa +0.22
13 Central-Africa +0.15 13 S.Central-America +0.22
14 S.E.South-America +0.12 14 S.E.South-America +0.20
15 N.E.South-America +0.12 15 N.E.South-America +0.16
16 N.W.South-America +0.10 16 N.W.South-America +0.16
17 W.C.Asia +0.08 17 W.C.Asia +0.13
18 Madagascar +0.07 18 Sahara +0.10
19 Caribbean +0.07 19 Madagascar +0.10
20 Arabian-Peninsula +0.06 20 Caribbean +0.10
21 Sahara +0.05 21 Arabian-Peninsula +0.10
22 S.Pacific-Ocean +0.05 22 W.North-America +0.07
23 W.North-America +0.05 23 S.Eastern-Africa +0.07
24 S.Eastern-Africa +0.03 24 S.Pacific-Ocean +0.07
25 E.Australia +0.03 25 E.Australia +0.05
26 N.Central-America +0.02 26 N.Central-America +0.03
27 Equatorial.Indic-Ocean +0.02 27 Equatorial.Indic-Ocean +0.03
28 Equatorial.Pacific-Ocean +0.01 28 Bay-of-Bengal +0.02
29 Bay-of-Bengal +0.01 29 E.Europe +0.02
30 S.Australia +0.01 30 Equatorial.Pacific-Ocean +0.01
31 E.Europe +0.01 31 S.Australia +0.01
32 N.Australia +0.00 32 New-Zealand +0.01
33 New-Zealand +0.00 33 N.Australia +0.01
34 N.W.North-America +0.00 34 S.W.South-America +0.00
35 N.Pacific-Ocean +0.00 35 Russian-Arctic +0.00
36 Russian-Arctic +0.00 36 N.W.North-America +0.00
37 W.Southern-Africa +0.00 37 N.Pacific-Ocean +0.00
38 Russian-Far-East +0.00 38 Russian-Far-East +0.00
39 S.W.South-America +0.00 39 W.Southern-Africa +0.00
40 N.Atlantic-Ocean +0.00 40 N.Atlantic-Ocean +0.00
41 N.Eastern-Africa +0.00 41 N.Eastern-Africa +0.00
42 S.South-America +0.00 42 S.South-America +0.00
43 C.Australia +0.00 43 C.Australia +0.00
44 Equatorial.Atlantic-Ocean +0.00 44 Equatorial.Atlantic-Ocean +0.00
45 Arabian-Sea +0.00 45 S.Indic-Ocean +0.00
46 S.Indic-Ocean +0.00 46 Arabian-Sea +0.00
47 Greenland/Iceland +0.00 47 Greenland/Iceland +0.00
48 Arctic-Ocean +0.00 48 Arctic-Ocean +0.00
49 S.Atlantic-Ocean +0.00 49 S.Atlantic-Ocean +0.00
50 Southern-Ocean +0.00 50 Southern-Ocean +0.00
51 N.E.North-America -0.00 51 N.E.North-America -0.00

Table A.3: Scenario of no socio-economic change - EAPA 2100 – full rankings by
region (values show change relative to 2015 in millions of people/year impacted ).
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Rank # Region RCP 4.5 Rank # Region RCP 8.5

1 Mediterranean +$27.74B 1 Mediterranean +$33.32B
2 S.E.Asia +$25.05B 2 S.E.Asia +$27.70B
3 E.Asia +$21.60B 3 E.Asia +$25.23B
4 S.Asia +$19.79B 4 S.Asia +$22.84B
5 Western-Africa +$4.99B 5 Western-Africa +$5.64B
6 E.North-America +$4.99B 6 E.North-America +$5.40B
7 West&Central-Europe +$4.14B 7 N.Europe +$4.37B
8 C.North-America +$4.07B 8 West&Central-Europe +$4.35B
9 N.Europe +$3.87B 9 C.North-America +$4.22B
10 W.North-America +$1.27B 10 W.North-America +$1.35B
11 E.Australia +$1.11B 11 Arabian-Peninsula +$1.27B
12 Arabian-Peninsula +$1.03B 12 E.Australia +$1.19B
13 S.E.South-America +$1.03B 13 W.C.Asia +$1.16B
14 S.Central-America +$0.99B 14 S.E.South-America +$1.16B
15 N.South-America +$0.97B 15 S.Central-America +$1.14B
16 W.C.Asia +$0.90B 16 N.South-America +$1.09B
17 N.W.South-America +$0.56B 17 N.W.South-America +$0.69B
18 Central-Africa +$0.53B 18 Central-Africa +$0.58B
19 Caribbean +$0.52B 19 Caribbean +$0.57B
20 N.Central-America +$0.39B 20 N.Central-America +$0.42B
21 N.E.South-America +$0.37B 21 N.E.South-America +$0.41B
22 S.Australia +$0.37B 22 S.Australia +$0.37B
23 E.Southern-Africa +$0.13B 23 E.Southern-Africa +$0.14B
24 S.Eastern-Africa +$0.12B 24 S.Eastern-Africa +$0.14B
25 N.W.North-America +$0.11B 25 Russian-Arctic +$0.13B
26 Russian-Arctic +$0.11B 26 N.W.North-America +$0.13B
27 Sahara +$0.09B 27 Sahara +$0.11B
28 Equatorial.Indic-Ocean +$0.09B 28 E.Europe +$0.11B
29 Bay-of-Bengal +$0.08B 29 Equatorial.Indic-Ocean +$0.10B
30 E.Europe +$0.07B 30 Bay-of-Bengal +$0.08B
31 New-Zealand +$0.05B 31 New-Zealand +$0.06B
32 Madagascar +$0.05B 32 Madagascar +$0.05B
33 N.Australia +$0.04B 33 N.Australia +$0.04B
34 Russian-Far-East +$0.04B 34 Russian-Far-East +$0.04B
35 Equatorial.Pacific-Ocean +$0.02B 35 Equatorial.Pacific-Ocean +$0.02B
36 C.Australia +$0.01B 36 S.W.South-America +$0.01B
37 S.W.South-America +$0.01B 37 C.Australia +$0.01B
38 N.Atlantic-Ocean +$0.01B 38 W.Southern-Africa +$0.01B
39 W.Southern-Africa +$0.01B 39 N.Atlantic-Ocean +$0.01B
40 S.South-America +$0.01B 40 S.South-America +$0.01B
41 S.Indic-Ocean +$0.00B 41 S.Indic-Ocean +$0.01B
42 N.Eastern-Africa +$0.00B 42 N.Eastern-Africa +$0.00B
43 Equatorial.Atlantic-Ocean +$0.00B 43 Equatorial.Atlantic-Ocean +$0.00B
44 Greenland/Iceland +$0.00B 44 Greenland/Iceland +$0.00B
45 Arabian-Sea +$0.00B 45 Arabian-Sea +$0.00B
46 Arctic-Ocean +$0.00B 46 Arctic-Ocean +$0.00B
47 N.Pacific-Ocean +$0.00B 47 N.Pacific-Ocean +$0.00B
48 S.Pacific-Ocean +$0.00B 48 S.Pacific-Ocean +$0.00B
49 S.Atlantic-Ocean +$0.00B 49 S.Atlantic-Ocean +$0.00B
50 Southern-Ocean +$0.00B 50 Southern-Ocean +$0.00B
51 N.E.North-America -$0.03B 51 N.E.North-America -$0.02B

Table A.4: Scenario of no socio-economic change - EAD 2050 – full rankings by region
(values show change relative to 2015 in billion US$/year )
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Rank # Region RCP 4.5 Rank # Region RCP 8.5

1 S.E.Asia +$73.96B 1 S.E.Asia +$114.86B
2 Mediterranean +$67.81B 2 Mediterranean +$83.72B
3 E.Asia +$54.53B 3 E.Asia +$82.22B
4 S.Asia +$43.78B 4 S.Asia +$61.75B
5 E.North-America +$12.72B 5 N.Europe +$26.87B
6 Western-Africa +$12.32B 6 E.North-America +$18.12B
7 N.Europe +$11.75B 7 Western-Africa +$18.00B
8 C.North-America +$10.54B 8 West&Central-Europe +$15.19B
9 West&Central-Europe +$7.01B 9 C.North-America +$14.40B
10 W.North-America +$3.39B 10 W.North-America +$4.81B
11 S.Central-America +$3.14B 11 S.Central-America +$4.65B
12 S.E.South-America +$2.80B 12 Arabian-Peninsula +$4.61B
13 Arabian-Peninsula +$2.80B 13 S.E.South-America +$4.47B
14 W.C.Asia +$2.67B 14 W.C.Asia +$4.33B
15 N.South-America +$2.60B 15 N.South-America +$4.24B
16 E.Australia +$2.37B 16 E.Australia +$3.32B
17 Central-Africa +$1.83B 17 Central-Africa +$3.26B
18 N.W.South-America +$1.58B 18 N.W.South-America +$2.36B
19 Caribbean +$1.42B 19 Caribbean +$2.13B
20 N.E.South-America +$0.94B 20 N.E.South-America +$1.33B
21 N.Central-America +$0.88B 21 N.Central-America +$1.22B
22 S.Australia +$0.81B 22 S.Australia +$1.07B
23 E.Southern-Africa +$0.29B 23 Sahara +$0.40B
24 N.W.North-America +$0.28B 24 S.Eastern-Africa +$0.39B
25 S.Eastern-Africa +$0.27B 25 E.Southern-Africa +$0.39B
26 Sahara +$0.25B 26 N.W.North-America +$0.37B
27 Equatorial.Indic-Ocean +$0.23B 27 E.Europe +$0.37B
28 Russian-Arctic +$0.21B 28 Russian-Arctic +$0.35B
29 Bay-of-Bengal +$0.17B 29 Equatorial.Indic-Ocean +$0.32B
30 New-Zealand +$0.13B 30 Bay-of-Bengal +$0.26B
31 E.Europe +$0.12B 31 New-Zealand +$0.23B
32 Madagascar +$0.11B 32 Madagascar +$0.16B
33 N.Australia +$0.10B 33 N.Australia +$0.15B
34 Russian-Far-East +$0.09B 34 Russian-Far-East +$0.13B
35 Equatorial.Pacific-Ocean +$0.05B 35 S.W.South-America +$0.09B
36 S.W.South-America +$0.03B 36 Equatorial.Pacific-Ocean +$0.06B
37 C.Australia +$0.02B 37 C.Australia +$0.03B
38 W.Southern-Africa +$0.02B 38 W.Southern-Africa +$0.03B
39 N.Atlantic-Ocean +$0.02B 39 S.South-America +$0.03B
40 S.South-America +$0.02B 40 N.Atlantic-Ocean +$0.02B
41 S.Indic-Ocean +$0.01B 41 S.Indic-Ocean +$0.01B
42 N.Eastern-Africa +$0.01B 42 N.Eastern-Africa +$0.01B
43 Equatorial.Atlantic-Ocean +$0.00B 43 Equatorial.Atlantic-Ocean +$0.00B
44 Greenland/Iceland +$0.00B 44 Greenland/Iceland +$0.00B
45 Arabian-Sea +$0.00B 45 Arabian-Sea +$0.00B
46 Arctic-Ocean +$0.00B 46 Arctic-Ocean +$0.00B
47 N.Pacific-Ocean +$0.00B 47 N.Pacific-Ocean +$0.00B
48 S.Pacific-Ocean +$0.00B 48 S.Pacific-Ocean +$0.00B
49 S.Atlantic-Ocean +$0.00B 49 S.Atlantic-Ocean +$0.00B
50 Southern-Ocean +$0.00B 50 Southern-Ocean +$0.00B
51 N.E.North-America -$0.04B 51 N.E.North-America -$0.02B

Table A.5: Scenario of no socio-economic change - EAD 2100 – full rankings by region
(values show change relative to 2015 in billion US$/year ).
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Rank # Region SSP1 Rank # Region SSP3 Rank # Region SSP5

1 S.Asia +3.73 1 S.Asia +7.98 1 S.Asia +3.48
2 Western-Africa +1.59 2 Western-Africa +3.19 2 Western-Africa +1.52
3 Mediterranean +0.41 3 S.E.Asia +3.05 3 Mediterranean +0.40
4 E.Southern-Africa +0.27 4 Mediterranean +0.90 4 E.Southern-Africa +0.26
5 Arabian-Peninsula +0.20 5 E.Southern-Africa +0.40 5 Arabian-Peninsula +0.21
6 S.E.South-America +0.19 6 W.C.Asia +0.27 6 W.C.Asia +0.20
7 W.C.Asia +0.18 7 S.E.South-America +0.25 7 S.E.South-America +0.19
8 S.Eastern-Africa +0.11 8 S.Eastern-Africa +0.23 8 E.North-America +0.12
9 S.E.Asia +0.11 9 Arabian-Peninsula +0.22 9 W.North-America +0.12
10 W.North-America +0.09 10 Madagascar +0.11 10 E.Australia +0.11
11 E.North-America +0.08 11 S.Central-America +0.10 11 S.Eastern-Africa +0.10
12 E.Australia +0.08 12 N.Central-America +0.09 12 C.North-America +0.09
13 C.North-America +0.07 13 N.E.South-America +0.09 13 N.Europe +0.08
14 N.Central-America +0.05 14 E.Asia +0.08 14 Madagascar +0.05
15 N.E.South-America +0.05 15 W.North-America +0.05 15 N.E.South-America +0.05
16 Madagascar +0.05 16 C.North-America +0.05 16 N.Central-America +0.05
17 N.Europe +0.05 17 N.W.South-America +0.05 17 E.Asia +0.02
18 S.Central-America +0.02 18 E.Australia +0.04 18 Sahara +0.01
19 Sahara +0.01 19 E.North-America +0.03 19 S.Central-America +0.01
20 N.Australia +0.01 20 Sahara +0.03 20 N.Australia +0.01
21 New-Zealand +0.01 21 Equatorial.Pacific-Ocean +0.01 21 New-Zealand +0.01
22 N.Eastern-Africa +0.00 22 N.Europe +0.01 22 S.Australia +0.01
23 S.Indic-Ocean +0.00 23 Caribbean +0.01 23 N.Eastern-Africa +0.00
24 S.Australia +0.00 24 N.Australia +0.01 24 S.Indic-Ocean +0.00
25 S.W.South-America +0.00 25 N.Eastern-Africa +0.00 25 S.W.South-America +0.00
26 Greenland/Iceland +0.00 26 New-Zealand +0.00 26 Greenland/Iceland +0.00
27 S.Atlantic-Ocean +0.00 27 S.Indic-Ocean +0.00 27 S.Atlantic-Ocean +0.00
28 N.Atlantic-Ocean +0.00 28 S.W.South-America +0.00 28 N.Atlantic-Ocean +0.00
29 Arabian-Sea +0.00 29 N.Atlantic-Ocean +0.00 29 C.Australia +0.00
30 Arctic-Ocean +0.00 30 S.Atlantic-Ocean +0.00 30 W.Southern-Africa +0.00
31 N.Pacific-Ocean +0.00 31 Greenland/Iceland +0.00 31 Arabian-Sea +0.00
32 S.Pacific-Ocean +0.00 32 W.Southern-Africa +0.00 32 Arctic-Ocean +0.00
33 Southern-Ocean +0.00 33 Arabian-Sea +0.00 33 N.Pacific-Ocean +0.00
34 W.Southern-Africa -0.00 34 Equatorial.Atlantic-Ocean +0.00 34 S.Pacific-Ocean +0.00
35 Equatorial.Pacific-Ocean -0.00 35 Arctic-Ocean +0.00 35 Southern-Ocean +0.00
36 C.Australia -0.00 36 N.Pacific-Ocean +0.00 36 Equatorial.Pacific-Ocean -0.00
37 Equatorial.Atlantic-Ocean -0.00 37 S.Pacific-Ocean +0.00 37 Equatorial.Atlantic-Ocean -0.00
38 S.South-America -0.00 38 Southern-Ocean +0.00 38 N.E.North-America -0.00
39 N.E.North-America -0.00 39 C.Australia -0.00 39 S.South-America -0.00
40 Russian-Far-East -0.00 40 S.South-America -0.00 40 Russian-Far-East -0.00
41 Russian-Arctic -0.00 41 Russian-Far-East -0.00 41 N.W.North-America -0.00
42 N.W.North-America -0.00 42 N.E.North-America -0.00 42 Russian-Arctic -0.00
43 Equatorial.Indic-Ocean -0.01 43 Russian-Arctic -0.00 43 Equatorial.Indic-Ocean -0.01
44 Bay-of-Bengal -0.01 44 Bay-of-Bengal -0.00 44 Bay-of-Bengal -0.01
45 Caribbean -0.02 45 S.Australia -0.00 45 E.Europe -0.02
46 E.Europe -0.02 46 Equatorial.Indic-Ocean -0.01 46 Central-Africa -0.02
47 Central-Africa -0.02 47 N.W.North-America -0.01 47 Caribbean -0.03
48 West&Central-Europe -0.05 48 Central-Africa -0.01 48 West&Central-Europe -0.03
49 N.W.South-America -0.05 49 E.Europe -0.02 49 N.W.South-America -0.06
50 E.Asia -0.08 50 N.South-America -0.04 50 S.E.Asia -0.07
51 N.South-America -0.08 51 West&Central-Europe -0.07 51 N.South-America -0.08

Table A.6: Scenario of constant flood probability - EAPA 2050 – full rankings by
region (values show change relative to 2015 in millions of people/year impacted ).
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Rank # Region SSP1 Rank # Region SSP3 Rank # Region SSP5

1 Western-Africa +2.47 1 S.Asia +12.87 1 Western-Africa +2.33
2 E.Southern-Africa +0.26 2 Western-Africa +8.39 2 E.North-America +0.25
3 Arabian-Peninsula +0.21 3 S.E.Asia +4.23 3 E.Southern-Africa +0.24
4 W.C.Asia +0.14 4 Mediterranean +1.49 4 Arabian-Peninsula +0.23
5 S.Eastern-Africa +0.13 5 E.Southern-Africa +0.75 5 W.North-America +0.22
6 Mediterranean +0.11 6 S.Eastern-Africa +0.52 6 E.Australia +0.20
7 W.North-America +0.11 7 W.C.Asia +0.50 7 N.Europe +0.19
8 E.North-America +0.10 8 Arabian-Peninsula +0.46 8 W.C.Asia +0.15
9 E.Australia +0.10 9 S.E.South-America +0.29 9 C.North-America +0.15
10 C.North-America +0.08 10 Madagascar +0.24 10 Mediterranean +0.13
11 S.E.South-America +0.07 11 S.Central-America +0.18 11 S.Eastern-Africa +0.11
12 N.Europe +0.06 12 N.W.South-America +0.15 12 S.E.South-America +0.07
13 Madagascar +0.05 13 N.Central-America +0.12 13 Madagascar +0.04
14 N.Central-America +0.03 14 N.E.South-America +0.11 14 N.Central-America +0.03
15 Sahara +0.01 15 Sahara +0.09 15 S.Australia +0.02
16 N.Australia +0.01 16 Equatorial.Pacific-Ocean +0.03 16 N.Australia +0.01
17 New-Zealand +0.01 17 C.North-America +0.03 17 New-Zealand +0.01
18 S.Australia +0.00 18 W.North-America +0.02 18 Sahara +0.01
19 N.Eastern-Africa +0.00 19 E.Australia +0.01 19 Greenland/Iceland +0.00
20 S.Indic-Ocean +0.00 20 N.South-America +0.01 20 S.Indic-Ocean +0.00
21 Greenland/Iceland +0.00 21 Central-Africa +0.01 21 N.Eastern-Africa +0.00
22 S.Atlantic-Ocean +0.00 22 Caribbean +0.01 22 C.Australia +0.00
23 Arabian-Sea +0.00 23 N.Eastern-Africa +0.01 23 N.E.North-America +0.00
24 Arctic-Ocean +0.00 24 N.Australia +0.01 24 S.Atlantic-Ocean +0.00
25 N.Pacific-Ocean +0.00 25 Bay-of-Bengal +0.01 25 Arabian-Sea +0.00
26 S.Pacific-Ocean +0.00 26 S.W.South-America +0.00 26 N.Atlantic-Ocean +0.00
27 Southern-Ocean +0.00 27 S.Indic-Ocean +0.00 27 Arctic-Ocean +0.00
28 N.Atlantic-Ocean -0.00 28 New-Zealand +0.00 28 N.Pacific-Ocean +0.00
29 C.Australia -0.00 29 N.Atlantic-Ocean +0.00 29 S.Pacific-Ocean +0.00
30 W.Southern-Africa -0.00 30 W.Southern-Africa +0.00 30 Southern-Ocean +0.00
31 Equatorial.Atlantic-Ocean -0.00 31 S.Atlantic-Ocean +0.00 31 W.Southern-Africa -0.00
32 S.South-America -0.00 32 Arabian-Sea +0.00 32 Equatorial.Atlantic-Ocean -0.00
33 N.E.North-America -0.00 33 Equatorial.Atlantic-Ocean +0.00 33 S.South-America -0.00
34 S.W.South-America -0.00 34 Greenland/Iceland +0.00 34 S.W.South-America -0.00
35 Russian-Far-East -0.00 35 Arctic-Ocean +0.00 35 Russian-Far-East -0.00
36 Russian-Arctic -0.00 36 N.Pacific-Ocean +0.00 36 N.W.North-America -0.00
37 Equatorial.Pacific-Ocean -0.01 37 S.Pacific-Ocean +0.00 37 Russian-Arctic -0.00
38 N.W.North-America -0.01 38 Southern-Ocean +0.00 38 Equatorial.Pacific-Ocean -0.01
39 Equatorial.Indic-Ocean -0.01 39 C.Australia -0.00 39 West&Central-Europe -0.01
40 E.Europe -0.02 40 S.South-America -0.00 40 Equatorial.Indic-Ocean -0.01
41 Bay-of-Bengal -0.02 41 Russian-Far-East -0.00 41 E.Europe -0.02
42 S.Central-America -0.02 42 N.E.North-America -0.00 42 Bay-of-Bengal -0.02
43 Central-Africa -0.03 43 Russian-Arctic -0.00 43 Central-Africa -0.03
44 N.E.South-America -0.03 44 Equatorial.Indic-Ocean -0.00 44 N.E.South-America -0.03
45 Caribbean -0.06 45 S.Australia -0.01 45 S.Central-America -0.04
46 West&Central-Europe -0.08 46 N.W.North-America -0.01 46 Caribbean -0.07
47 N.W.South-America -0.12 47 E.Europe -0.02 47 N.W.South-America -0.13
48 N.South-America -0.12 48 E.North-America -0.02 48 N.South-America -0.13
49 S.Asia -0.80 49 N.Europe -0.05 49 S.Asia -1.10
50 E.Asia -1.72 50 West&Central-Europe -0.13 50 E.Asia -1.36
51 S.E.Asia -4.09 51 E.Asia -0.79 51 S.E.Asia -4.32

Table A.7: Scenario of constant flood probability - EAPA 2100 – full rankings by
region (values show change relative to 2015 in millions of people/year impacted).
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Rank # Region SSP1 Rank # Region SSP3 Rank # Region SSP5

1 S.Asia +$343.62B 1 S.Asia +$146.40B 1 S.Asia +$450.44B
2 S.E.Asia +$247.74B 2 S.E.Asia +$107.64B 2 S.E.Asia +$334.83B
3 E.Asia +$158.88B 3 E.Asia +$68.18B 3 E.Asia +$223.03B
4 Western-Africa +$69.01B 4 Western-Africa +$25.78B 4 Western-Africa +$93.68B
5 Mediterranean +$29.90B 5 Mediterranean +$16.94B 5 Mediterranean +$38.53B
6 E.North-America +$13.89B 6 E.North-America +$13.18B 6 E.North-America +$21.24B
7 W.C.Asia +$12.99B 7 W.C.Asia +$12.32B 7 W.C.Asia +$20.99B
8 Arabian-Peninsula +$12.37B 8 W.North-America +$9.00B 8 Arabian-Peninsula +$19.66B
9 W.North-America +$11.04B 9 C.North-America +$6.38B 9 W.North-America +$17.14B
10 N.Europe +$10.97B 10 Arabian-Peninsula +$6.23B 10 N.Europe +$17.05B
11 E.Australia +$9.69B 11 E.Australia +$6.22B 11 E.Australia +$14.77B
12 S.E.South-America +$8.49B 12 N.Europe +$5.40B 12 West&Central-Europe +$11.27B
13 E.Southern-Africa +$8.09B 13 S.E.South-America +$4.94B 13 E.Southern-Africa +$10.99B
14 C.North-America +$7.95B 14 S.Central-America +$4.25B 14 S.E.South-America +$10.93B
15 N.E.South-America +$7.40B 15 N.Central-America +$4.22B 15 C.North-America +$10.90B
16 West&Central-Europe +$6.69B 16 N.E.South-America +$3.70B 16 N.E.South-America +$9.33B
17 S.Central-America +$5.86B 17 E.Southern-Africa +$3.08B 17 S.Central-America +$7.06B
18 N.W.South-America +$4.79B 18 N.W.South-America +$2.23B 18 N.W.South-America +$6.43B
19 S.Eastern-Africa +$3.54B 19 West&Central-Europe +$2.10B 19 S.Eastern-Africa +$4.78B
20 N.Central-America +$3.54B 20 N.South-America +$1.68B 20 N.South-America +$4.58B
21 N.South-America +$2.26B 21 S.Eastern-Africa +$1.27B 21 N.Central-America +$4.41B
22 Caribbean +$1.26B 22 N.W.North-America +$0.80B 22 Sahara +$1.63B
23 Sahara +$1.23B 23 N.Australia +$0.47B 23 Caribbean +$1.55B
24 Madagascar +$0.98B 24 Caribbean +$0.45B 24 Madagascar +$1.39B
25 N.Australia +$0.90B 25 Madagascar +$0.35B 25 N.Australia +$1.39B
26 Equatorial.Pacific-Ocean +$0.68B 26 Equatorial.Pacific-Ocean +$0.31B 26 S.Australia +$1.04B
27 S.Australia +$0.48B 27 S.W.South-America +$0.28B 27 Equatorial.Pacific-Ocean +$0.91B
28 S.W.South-America +$0.43B 28 Sahara +$0.26B 28 Bay-of-Bengal +$0.57B
29 Bay-of-Bengal +$0.38B 29 S.Australia +$0.25B 29 N.W.North-America +$0.56B
30 New-Zealand +$0.32B 30 New-Zealand +$0.18B 30 S.W.South-America +$0.54B
31 Central-Africa +$0.24B 31 Bay-of-Bengal +$0.08B 31 Central-Africa +$0.53B
32 S.Indic-Ocean +$0.23B 32 S.Indic-Ocean +$0.08B 32 New-Zealand +$0.48B
33 N.W.North-America +$0.19B 33 Greenland/Iceland +$0.05B 33 S.Indic-Ocean +$0.30B
34 N.Eastern-Africa +$0.12B 34 Russian-Far-East +$0.04B 34 N.Eastern-Africa +$0.15B
35 Greenland/Iceland +$0.10B 35 W.Southern-Africa +$0.02B 35 Equatorial.Indic-Ocean +$0.15B
36 Equatorial.Indic-Ocean +$0.08B 36 N.Atlantic-Ocean +$0.02B 36 Greenland/Iceland +$0.14B
37 Russian-Far-East +$0.05B 37 Equatorial.Atlantic-Ocean +$0.02B 37 Russian-Far-East +$0.14B
38 W.Southern-Africa +$0.05B 38 S.South-America +$0.00B 38 W.Southern-Africa +$0.07B
39 N.Atlantic-Ocean +$0.03B 39 S.Atlantic-Ocean +$0.00B 39 N.E.North-America +$0.06B
40 Equatorial.Atlantic-Ocean +$0.03B 40 Arabian-Sea +$0.00B 40 S.South-America +$0.05B
41 S.South-America +$0.03B 41 Arctic-Ocean +$0.00B 41 N.Atlantic-Ocean +$0.05B
42 S.Atlantic-Ocean +$0.01B 42 N.Pacific-Ocean +$0.00B 42 Equatorial.Atlantic-Ocean +$0.04B
43 C.Australia +$0.00B 43 S.Pacific-Ocean +$0.00B 43 C.Australia +$0.04B
44 Arabian-Sea +$0.00B 44 Southern-Ocean +$0.00B 44 S.Atlantic-Ocean +$0.01B
45 Arctic-Ocean +$0.00B 45 N.Eastern-Africa -$0.01B 45 Arabian-Sea +$0.00B
46 N.Pacific-Ocean +$0.00B 46 C.Australia -$0.03B 46 Arctic-Ocean +$0.00B
47 S.Pacific-Ocean +$0.00B 47 Central-Africa -$0.05B 47 N.Pacific-Ocean +$0.00B
48 Southern-Ocean +$0.00B 48 Equatorial.Indic-Ocean -$0.05B 48 S.Pacific-Ocean +$0.00B
49 N.E.North-America -$0.06B 49 N.E.North-America -$0.07B 49 Southern-Ocean +$0.00B
50 Russian-Arctic -$0.20B 50 Russian-Arctic -$0.20B 50 Russian-Arctic -$0.20B
51 E.Europe -$0.26B 51 E.Europe -$0.26B 51 E.Europe -$0.26B

Table A.8: Scenario of constant flood probability - EAD 2050 – full rankings by region
(values show change relative to 2015 in billion US$/year).
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Rank # Region SSP1 Rank # Region SSP3 Rank # Region SSP5

1 S.Asia +$951.55B 1 S.Asia +$373.28B 1 S.Asia +$1,592.62B
2 S.E.Asia +$582.55B 2 S.E.Asia +$295.95B 2 S.E.Asia +$1,002.51B
3 Western-Africa +$546.36B 3 Western-Africa +$208.92B 3 Western-Africa +$905.42B
4 E.Asia +$192.79B 4 E.Asia +$74.68B 4 E.Asia +$427.97B
5 Mediterranean +$68.70B 5 Mediterranean +$50.26B 5 Mediterranean +$123.31B
6 E.Southern-Africa +$67.66B 6 W.C.Asia +$18.59B 6 E.Southern-Africa +$114.07B
7 N.Europe +$28.64B 7 Arabian-Peninsula +$14.94B 7 N.Europe +$78.67B
8 E.North-America +$28.15B 8 E.Southern-Africa +$11.93B 8 E.North-America +$78.19B
9 Arabian-Peninsula +$27.34B 9 E.North-America +$11.82B 9 W.North-America +$64.73B
10 S.Eastern-Africa +$25.64B 10 W.North-America +$10.13B 10 E.Australia +$61.58B
11 W.North-America +$23.97B 11 S.Central-America +$9.77B 11 Arabian-Peninsula +$54.48B
12 E.Australia +$23.22B 12 N.W.South-America +$9.75B 12 West&Central-Europe +$50.22B
13 W.C.Asia +$22.39B 13 S.Eastern-Africa +$9.00B 13 W.C.Asia +$45.48B
14 West&Central-Europe +$17.55B 14 N.South-America +$7.28B 14 S.Eastern-Africa +$41.24B
15 S.E.South-America +$15.39B 15 E.Australia +$7.17B 15 C.North-America +$34.96B
16 C.North-America +$13.94B 16 N.Central-America +$6.58B 16 S.E.South-America +$26.64B
17 N.W.South-America +$13.78B 17 S.E.South-America +$6.38B 17 N.W.South-America +$23.37B
18 S.Central-America +$13.03B 18 N.Europe +$5.92B 18 N.E.South-America +$21.45B
19 N.E.South-America +$12.66B 19 C.North-America +$5.67B 19 S.Central-America +$19.63B
20 Sahara +$8.58B 20 N.E.South-America +$4.25B 20 N.South-America +$17.90B
21 Madagascar +$8.54B 21 West&Central-Europe +$2.98B 21 Madagascar +$14.82B
22 N.South-America +$7.91B 22 Madagascar +$2.83B 22 Sahara +$13.82B
23 N.Central-America +$7.28B 23 Sahara +$1.93B 23 N.Central-America +$12.76B
24 Equatorial.Pacific-Ocean +$2.97B 24 Caribbean +$1.77B 24 S.Australia +$5.88B
25 Central-Africa +$2.39B 25 Equatorial.Pacific-Ocean +$1.35B 25 N.Australia +$5.68B
26 Caribbean +$2.25B 26 Central-Africa +$1.00B 26 Equatorial.Pacific-Ocean +$5.07B
27 N.Australia +$2.17B 27 N.Australia +$0.67B 27 Central-Africa +$4.67B
28 S.Australia +$1.80B 28 S.W.South-America +$0.53B 28 Caribbean +$3.40B
29 Bay-of-Bengal +$1.21B 29 Bay-of-Bengal +$0.51B 29 New-Zealand +$2.54B
30 New-Zealand +$0.98B 30 N.W.North-America +$0.38B 30 N.W.North-America +$2.31B
31 S.W.South-America +$0.61B 31 New-Zealand +$0.34B 31 Bay-of-Bengal +$2.20B
32 N.Eastern-Africa +$0.48B 32 S.Australia +$0.31B 32 S.W.South-America +$1.07B
33 S.Indic-Ocean +$0.43B 33 S.Indic-Ocean +$0.15B 33 Equatorial.Indic-Ocean +$0.78B
34 Equatorial.Indic-Ocean +$0.42B 34 Russian-Far-East +$0.14B 34 N.Eastern-Africa +$0.78B
35 N.W.North-America +$0.35B 35 Equatorial.Indic-Ocean +$0.09B 35 S.Indic-Ocean +$0.74B
36 Greenland/Iceland +$0.24B 36 Greenland/Iceland +$0.06B 36 Greenland/Iceland +$0.61B
37 W.Southern-Africa +$0.11B 37 W.Southern-Africa +$0.05B 37 N.E.North-America +$0.57B
38 Russian-Far-East +$0.09B 38 S.South-America +$0.04B 38 Russian-Far-East +$0.34B
39 N.Atlantic-Ocean +$0.07B 39 N.Atlantic-Ocean +$0.03B 39 C.Australia +$0.26B
40 Equatorial.Atlantic-Ocean +$0.06B 40 Equatorial.Atlantic-Ocean +$0.03B 40 W.Southern-Africa +$0.21B
41 S.South-America +$0.06B 41 Arabian-Sea +$0.00B 41 N.Atlantic-Ocean +$0.15B
42 C.Australia +$0.05B 42 S.Atlantic-Ocean +$0.00B 42 S.South-America +$0.13B
43 N.E.North-America +$0.02B 43 Arctic-Ocean +$0.00B 43 Equatorial.Atlantic-Ocean +$0.10B
44 S.Atlantic-Ocean +$0.01B 44 N.Pacific-Ocean +$0.00B 44 S.Atlantic-Ocean +$0.01B
45 Arabian-Sea +$0.01B 45 S.Pacific-Ocean +$0.00B 45 Arabian-Sea +$0.01B
46 Arctic-Ocean +$0.00B 46 Southern-Ocean +$0.00B 46 Arctic-Ocean +$0.00B
47 N.Pacific-Ocean +$0.00B 47 N.Eastern-Africa -$0.00B 47 N.Pacific-Ocean +$0.00B
48 S.Pacific-Ocean +$0.00B 48 C.Australia -$0.03B 48 S.Pacific-Ocean +$0.00B
49 Southern-Ocean +$0.00B 49 N.E.North-America -$0.09B 49 Southern-Ocean +$0.00B
50 Russian-Arctic -$0.20B 50 Russian-Arctic -$0.20B 50 Russian-Arctic -$0.20B
51 E.Europe -$0.26B 51 E.Europe -$0.26B 51 E.Europe -$0.26B

Table A.9: Scenario of constant flood probability - EAD 2100 – full rankings by region
(values show change relative to 2015 in billion US$/year).
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Rank # Region SSP1-4.5 Rank # Region SSP3-8.5 Rank # Region SSP5-8.5

1 S.Asia +8.37 1 S.Asia +13.94 1 S.Asia +8.83
2 Mediterranean +2.94 2 S.E.Asia +6.84 2 Mediterranean +3.41
3 S.E.Asia +2.93 3 Western-Africa +4.70 3 S.E.Asia +2.98
4 Western-Africa +2.57 4 Mediterranean +4.37 4 Western-Africa +2.62
5 E.Asia +0.87 5 E.Asia +1.18 5 E.Asia +1.12
6 E.Southern-Africa +0.40 6 E.Southern-Africa +0.58 6 E.Southern-Africa +0.41
7 S.E.South-America +0.34 7 S.E.South-America +0.43 7 S.E.South-America +0.34
8 C.North-America +0.27 8 Sahara +0.39 8 C.North-America +0.32
9 W.C.Asia +0.23 9 W.C.Asia +0.35 9 E.North-America +0.30
10 Arabian-Peninsula +0.23 10 S.Eastern-Africa +0.26 10 Sahara +0.28
11 E.North-America +0.23 11 Arabian-Peninsula +0.25 11 W.C.Asia +0.26
12 Sahara +0.18 12 C.North-America +0.22 12 Arabian-Peninsula +0.25
13 N.Europe +0.15 13 Madagascar +0.19 13 N.Europe +0.21
14 S.Eastern-Africa +0.14 14 S.Central-America +0.18 14 W.North-America +0.15
15 W.North-America +0.11 15 E.North-America +0.16 15 E.Australia +0.14
16 Madagascar +0.10 16 N.E.South-America +0.15 16 S.Eastern-Africa +0.13
17 E.Australia +0.10 17 N.Central-America +0.13 17 West&Central-Europe +0.11
18 N.E.South-America +0.10 18 N.Europe +0.10 18 Madagascar +0.11
19 N.Central-America +0.08 19 N.W.South-America +0.09 19 N.E.South-America +0.10
20 West&Central-Europe +0.07 20 W.North-America +0.07 20 N.Central-America +0.08
21 S.Central-America +0.07 21 Central-Africa +0.06 21 S.Central-America +0.05
22 Central-Africa +0.04 22 E.Australia +0.06 22 Central-Africa +0.04
23 N.Australia +0.01 23 West&Central-Europe +0.06 23 S.Australia +0.01
24 S.Australia +0.01 24 N.South-America +0.05 24 N.Australia +0.01
25 New-Zealand +0.01 25 Caribbean +0.04 25 New-Zealand +0.01
26 Equatorial.Pacific-Ocean +0.00 26 Equatorial.Pacific-Ocean +0.02 26 Equatorial.Pacific-Ocean +0.00
27 Caribbean +0.00 27 N.Australia +0.01 27 N.Eastern-Africa +0.00
28 N.Eastern-Africa +0.00 28 N.Eastern-Africa +0.01 28 S.W.South-America +0.00
29 S.W.South-America +0.00 29 New-Zealand +0.00 29 S.Indic-Ocean +0.00
30 S.Indic-Ocean +0.00 30 S.W.South-America +0.00 30 N.Atlantic-Ocean +0.00
31 N.Atlantic-Ocean +0.00 31 Equatorial.Indic-Ocean +0.00 31 Greenland/Iceland +0.00
32 Greenland/Iceland +0.00 32 S.Indic-Ocean +0.00 32 W.Southern-Africa +0.00
33 W.Southern-Africa +0.00 33 N.Atlantic-Ocean +0.00 33 C.Australia +0.00
34 S.Atlantic-Ocean +0.00 34 W.Southern-Africa +0.00 34 S.Atlantic-Ocean +0.00
35 C.Australia +0.00 35 S.Australia +0.00 35 Equatorial.Indic-Ocean +0.00
36 Arabian-Sea +0.00 36 S.Atlantic-Ocean +0.00 36 Arabian-Sea +0.00
37 Equatorial.Atlantic-Ocean +0.00 37 Greenland/Iceland +0.00 37 Equatorial.Atlantic-Ocean +0.00
38 Arctic-Ocean +0.00 38 Equatorial.Atlantic-Ocean +0.00 38 Arctic-Ocean +0.00
39 N.Pacific-Ocean +0.00 39 Arabian-Sea +0.00 39 N.Pacific-Ocean +0.00
40 S.Pacific-Ocean +0.00 40 Bay-of-Bengal +0.00 40 S.Pacific-Ocean +0.00
41 Southern-Ocean +0.00 41 Arctic-Ocean +0.00 41 Southern-Ocean +0.00
42 S.South-America -0.00 42 N.Pacific-Ocean +0.00 42 N.E.North-America -0.00
43 Equatorial.Indic-Ocean -0.00 43 S.Pacific-Ocean +0.00 43 Russian-Far-East -0.00
44 Russian-Far-East -0.00 44 Southern-Ocean +0.00 44 S.South-America -0.00
45 N.E.North-America -0.00 45 C.Australia -0.00 45 N.W.North-America -0.00
46 Russian-Arctic -0.00 46 Russian-Far-East -0.00 46 Russian-Arctic -0.00
47 N.W.North-America -0.00 47 S.South-America -0.00 47 Caribbean -0.01
48 Bay-of-Bengal -0.01 48 N.E.North-America -0.00 48 Bay-of-Bengal -0.01
49 E.Europe -0.02 49 Russian-Arctic -0.00 49 E.Europe -0.02
50 N.South-America -0.02 50 N.W.North-America -0.01 50 N.South-America -0.03
51 N.W.South-America -0.03 51 E.Europe -0.02 51 N.W.South-America -0.03

Table A.10: Scenario of no additional adaptation - EAPA 2050 – full rankings by
region (values show change relative to 2015 in millions of people/year impacted).
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Rank # Region SSP1-4.5 Rank # Region SSP3-8.5 Rank # Region SSP5-8.5

1 S.Asia +6.46 1 S.Asia +30.77 1 S.Asia +8.33
2 Western-Africa +5.26 2 S.E.Asia +18.63 2 Mediterranean +6.48
3 Mediterranean +5.06 3 Western-Africa +16.51 3 Western-Africa +6.19
4 S.E.Asia +1.00 4 Mediterranean +13.59 4 S.E.Asia +2.97
5 C.North-America +0.59 5 E.Asia +1.92 5 C.North-America +1.13
6 E.Southern-Africa +0.51 6 E.Southern-Africa +1.38 6 N.Europe +1.07
7 E.North-America +0.48 7 S.E.South-America +1.00 7 E.North-America +1.01
8 N.Europe +0.35 8 Sahara +0.90 8 E.Asia +0.86
9 Sahara +0.32 9 W.C.Asia +0.87 9 E.Southern-Africa +0.59
10 S.E.South-America +0.32 10 S.Eastern-Africa +0.76 10 West&Central-Europe +0.49
11 Arabian-Peninsula +0.29 11 Arabian-Peninsula +0.69 11 S.E.South-America +0.44
12 W.C.Asia +0.24 12 Madagascar +0.62 12 Sahara +0.40
13 S.Eastern-Africa +0.20 13 Central-Africa +0.58 13 Arabian-Peninsula +0.38
14 W.North-America +0.18 14 S.Central-America +0.51 14 W.North-America +0.37
15 E.Australia +0.16 15 C.North-America +0.42 15 E.Australia +0.33
16 Madagascar +0.15 16 N.W.South-America +0.42 16 W.C.Asia +0.31
17 Central-Africa +0.12 17 N.E.South-America +0.37 17 Central-Africa +0.28
18 N.Central-America +0.07 18 N.South-America +0.34 18 S.Eastern-Africa +0.20
19 West&Central-Europe +0.07 19 N.Europe +0.32 19 Madagascar +0.19
20 N.E.South-America +0.06 20 E.North-America +0.28 20 N.E.South-America +0.10
21 S.Central-America +0.05 21 N.Central-America +0.27 21 N.Central-America +0.09
22 S.Australia +0.02 22 West&Central-Europe +0.17 22 S.Australia +0.05
23 N.Australia +0.01 23 Caribbean +0.12 23 S.Central-America +0.04
24 New-Zealand +0.01 24 W.North-America +0.08 24 New-Zealand +0.03
25 Equatorial.Pacific-Ocean +0.00 25 E.Australia +0.06 25 N.Australia +0.03
26 N.Eastern-Africa +0.00 26 Equatorial.Pacific-Ocean +0.06 26 Equatorial.Pacific-Ocean +0.00
27 N.Atlantic-Ocean +0.00 27 Equatorial.Indic-Ocean +0.02 27 Equatorial.Indic-Ocean +0.00
28 S.Indic-Ocean +0.00 28 Bay-of-Bengal +0.02 28 C.Australia +0.00
29 Greenland/Iceland +0.00 29 N.Australia +0.02 29 Greenland/Iceland +0.00
30 C.Australia +0.00 30 N.Eastern-Africa +0.01 30 N.Eastern-Africa +0.00
31 W.Southern-Africa +0.00 31 New-Zealand +0.01 31 S.W.South-America +0.00
32 S.W.South-America +0.00 32 S.W.South-America +0.01 32 N.Atlantic-Ocean +0.00
33 S.Atlantic-Ocean +0.00 33 S.Australia +0.00 33 W.Southern-Africa +0.00
34 Arabian-Sea +0.00 34 W.Southern-Africa +0.00 34 S.Indic-Ocean +0.00
35 Arctic-Ocean +0.00 35 N.Atlantic-Ocean +0.00 35 N.E.North-America +0.00
36 N.Pacific-Ocean +0.00 36 S.Indic-Ocean +0.00 36 S.Atlantic-Ocean +0.00
37 S.Pacific-Ocean +0.00 37 Russian-Far-East +0.00 37 Arabian-Sea +0.00
38 Southern-Ocean +0.00 38 Equatorial.Atlantic-Ocean +0.00 38 Arctic-Ocean +0.00
39 Equatorial.Indic-Ocean -0.00 39 Arabian-Sea +0.00 39 N.Pacific-Ocean +0.00
40 Equatorial.Atlantic-Ocean -0.00 40 S.Atlantic-Ocean +0.00 40 S.Pacific-Ocean +0.00
41 S.South-America -0.00 41 Greenland/Iceland +0.00 41 Southern-Ocean +0.00
42 N.E.North-America -0.00 42 Arctic-Ocean +0.00 42 Equatorial.Atlantic-Ocean -0.00
43 Russian-Far-East -0.00 43 N.Pacific-Ocean +0.00 43 S.South-America -0.00
44 Russian-Arctic -0.00 44 S.Pacific-Ocean +0.00 44 Russian-Far-East -0.00
45 N.W.North-America -0.01 45 Southern-Ocean +0.00 45 N.W.North-America -0.00
46 Bay-of-Bengal -0.02 46 C.Australia -0.00 46 Russian-Arctic -0.00
47 E.Europe -0.02 47 S.South-America -0.00 47 N.W.South-America -0.01
48 Caribbean -0.02 48 N.E.North-America -0.00 48 Bay-of-Bengal -0.01
49 N.South-America -0.02 49 Russian-Arctic -0.00 49 E.Europe -0.02
50 N.W.South-America -0.05 50 N.W.North-America -0.01 50 N.South-America -0.02
51 E.Asia -0.40 51 E.Europe -0.02 51 Caribbean -0.03

Table A.11: Scenario of no additional adaptation - EAPA 2100 – full rankings by
region (values show change relative to 2015 in millions of people/year impacted).
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Rank # Region SSP1-4.5 Rank # Region SSP3-8.5 Rank # Region SSP5-8.5

1 S.Asia +$490.29B 1 S.Asia +$221.65B 1 S.Asia +$662.51B
2 S.E.Asia +$338.91B 2 S.E.Asia +$167.35B 2 S.E.Asia +$460.58B
3 E.Asia +$224.46B 3 E.Asia +$114.12B 3 E.Asia +$318.55B
4 Mediterranean +$144.90B 4 Mediterranean +$109.00B 4 Mediterranean +$207.48B
5 Western-Africa +$91.49B 5 Western-Africa +$38.93B 5 Western-Africa +$126.01B
6 E.North-America +$25.97B 6 E.North-America +$25.02B 6 E.North-America +$38.05B
7 C.North-America +$22.81B 7 C.North-America +$19.38B 7 C.North-America +$30.56B
8 N.Europe +$18.40B 8 W.C.Asia +$15.85B 8 N.Europe +$27.91B
9 W.C.Asia +$15.88B 9 W.North-America +$11.81B 9 W.C.Asia +$26.39B
10 Arabian-Peninsula +$15.07B 10 N.Europe +$11.54B 10 Arabian-Peninsula +$24.54B
11 West&Central-Europe +$14.35B 11 E.Australia +$8.82B 11 West&Central-Europe +$21.55B
12 W.North-America +$13.84B 12 Arabian-Peninsula +$8.73B 12 W.North-America +$21.13B
13 S.E.South-America +$13.07B 13 West&Central-Europe +$8.29B 13 E.Australia +$19.56B
14 E.Australia +$12.96B 14 S.E.South-America +$8.06B 14 S.E.South-America +$17.21B
15 E.Southern-Africa +$10.62B 15 N.Central-America +$6.23B 15 E.Southern-Africa +$14.67B
16 N.E.South-America +$10.04B 16 S.Central-America +$5.66B 16 N.E.South-America +$12.95B
17 S.Central-America +$7.49B 17 N.E.South-America +$5.15B 17 S.Central-America +$9.11B
18 N.W.South-America +$6.50B 18 E.Southern-Africa +$4.05B 18 N.W.South-America +$8.85B
19 N.Central-America +$5.11B 19 Sahara +$3.64B 19 Sahara +$8.68B
20 Sahara +$4.56B 20 N.W.South-America +$3.52B 20 N.South-America +$6.57B
21 S.Eastern-Africa +$4.23B 21 N.South-America +$3.01B 21 N.Central-America +$6.44B
22 N.South-America +$3.66B 22 S.Eastern-Africa +$1.62B 22 S.Eastern-Africa +$5.74B
23 Caribbean +$2.09B 23 Central-Africa +$1.31B 23 Central-Africa +$2.81B
24 Central-Africa +$1.96B 24 Caribbean +$1.09B 24 Caribbean +$2.55B
25 Madagascar +$1.41B 25 S.Australia +$0.96B 25 Madagascar +$2.03B
26 S.Australia +$1.11B 26 N.W.North-America +$0.95B 26 S.Australia +$1.93B
27 N.Australia +$1.08B 27 N.Australia +$0.61B 27 N.Australia +$1.67B
28 Equatorial.Pacific-Ocean +$0.82B 28 Madagascar +$0.57B 28 Equatorial.Pacific-Ocean +$1.11B
29 Bay-of-Bengal +$0.51B 29 Equatorial.Pacific-Ocean +$0.39B 29 Bay-of-Bengal +$0.75B
30 New-Zealand +$0.48B 30 S.W.South-America +$0.32B 30 New-Zealand +$0.71B
31 S.W.South-America +$0.47B 31 New-Zealand +$0.31B 31 N.W.North-America +$0.70B
32 N.W.North-America +$0.29B 32 Bay-of-Bengal +$0.16B 32 S.W.South-America +$0.60B
33 S.Indic-Ocean +$0.26B 33 S.Indic-Ocean +$0.09B 33 S.Indic-Ocean +$0.33B
34 Equatorial.Indic-Ocean +$0.22B 34 Russian-Far-East +$0.09B 34 Equatorial.Indic-Ocean +$0.33B
35 N.Eastern-Africa +$0.15B 35 Greenland/Iceland +$0.05B 35 Russian-Far-East +$0.19B
36 Greenland/Iceland +$0.10B 36 Equatorial.Indic-Ocean +$0.04B 36 N.Eastern-Africa +$0.19B
37 Russian-Far-East +$0.09B 37 N.Atlantic-Ocean +$0.03B 37 Greenland/Iceland +$0.14B
38 W.Southern-Africa +$0.07B 38 W.Southern-Africa +$0.03B 38 W.Southern-Africa +$0.09B
39 N.Atlantic-Ocean +$0.06B 39 Equatorial.Atlantic-Ocean +$0.02B 39 N.Atlantic-Ocean +$0.08B
40 Equatorial.Atlantic-Ocean +$0.04B 40 S.South-America +$0.01B 40 C.Australia +$0.06B
41 S.South-America +$0.03B 41 S.Atlantic-Ocean +$0.01B 41 S.South-America +$0.06B
42 C.Australia +$0.02B 42 Arabian-Sea +$0.00B 42 Equatorial.Atlantic-Ocean +$0.05B
43 S.Atlantic-Ocean +$0.01B 43 Arctic-Ocean +$0.00B 43 N.E.North-America +$0.03B
44 Arabian-Sea +$0.00B 44 N.Pacific-Ocean +$0.00B 44 S.Atlantic-Ocean +$0.01B
45 Arctic-Ocean +$0.00B 45 S.Pacific-Ocean +$0.00B 45 Arabian-Sea +$0.00B
46 N.Pacific-Ocean +$0.00B 46 Southern-Ocean +$0.00B 46 Arctic-Ocean +$0.00B
47 S.Pacific-Ocean +$0.00B 47 N.Eastern-Africa -$0.01B 47 N.Pacific-Ocean +$0.00B
48 Southern-Ocean +$0.00B 48 C.Australia -$0.02B 48 S.Pacific-Ocean +$0.00B
49 N.E.North-America -$0.08B 49 N.E.North-America -$0.08B 49 Southern-Ocean +$0.00B
50 Russian-Arctic -$0.20B 50 Russian-Arctic -$0.20B 50 Russian-Arctic -$0.20B
51 E.Europe -$0.26B 51 E.Europe -$0.26B 51 E.Europe -$0.26B

Table A.12: Scenario of no additional adaptation - EAD 2050 – full rankings by region
(values show change relative to 2015 in billion US$/year).
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Rank # Region SSP1-4.5 Rank # Region SSP3-8.5 Rank # Region SSP5-8.5

1 S.Asia +$1,744.08B 1 S.Asia +$764.52B 1 S.Asia +$3,353.44B
2 S.E.Asia +$1,104.83B 2 S.E.Asia +$742.52B 2 S.E.Asia +$2,284.79B
3 Western-Africa +$899.14B 3 Mediterranean +$563.76B 3 Western-Africa +$1,746.95B
4 Mediterranean +$686.00B 4 Western-Africa +$413.51B 4 Mediterranean +$1,376.66B
5 E.Asia +$373.85B 5 E.Asia +$221.98B 5 E.Asia +$920.56B
6 E.Southern-Africa +$113.15B 6 E.North-America +$50.12B 6 N.Europe +$268.71B
7 E.North-America +$75.42B 7 C.North-America +$44.51B 7 E.North-America +$232.00B
8 C.North-America +$73.51B 8 N.Europe +$40.51B 8 E.Southern-Africa +$220.65B
9 N.Europe +$65.16B 9 W.C.Asia +$34.59B 9 C.North-America +$220.26B
10 S.E.South-America +$41.26B 10 Arabian-Peninsula +$27.45B 10 West&Central-Europe +$154.78B
11 Arabian-Peninsula +$38.39B 11 West&Central-Europe +$27.33B 11 E.Australia +$108.97B
12 West&Central-Europe +$37.26B 12 S.E.South-America +$23.10B 12 W.North-America +$107.46B
13 E.Australia +$37.19B 13 E.Southern-Africa +$22.61B 13 S.E.South-America +$91.79B
14 W.North-America +$36.96B 14 N.W.South-America +$20.89B 14 Arabian-Peninsula +$86.84B
15 Sahara +$35.88B 15 S.Central-America +$19.97B 15 W.C.Asia +$80.41B
16 S.Eastern-Africa +$34.94B 16 Sahara +$19.27B 16 Sahara +$67.53B
17 W.C.Asia +$34.82B 17 W.North-America +$19.19B 17 S.Eastern-Africa +$62.60B
18 N.E.South-America +$24.66B 18 N.South-America +$17.35B 18 N.E.South-America +$50.92B
19 N.W.South-America +$24.12B 19 E.Australia +$15.14B 19 N.W.South-America +$48.67B
20 S.Central-America +$21.13B 20 N.Central-America +$14.94B 20 Central-Africa +$48.47B
21 Madagascar +$16.67B 21 S.Eastern-Africa +$14.12B 21 N.South-America +$36.25B
22 N.South-America +$15.76B 22 Central-Africa +$11.96B 22 S.Central-America +$36.16B
23 Central-Africa +$15.58B 23 N.E.South-America +$11.24B 23 Madagascar +$35.74B
24 N.Central-America +$13.74B 24 Madagascar +$7.74B 24 N.Central-America +$28.04B
25 Caribbean +$5.27B 25 Caribbean +$5.79B 25 S.Australia +$15.38B
26 S.Australia +$4.52B 26 S.Australia +$2.41B 26 N.Australia +$9.29B
27 Equatorial.Pacific-Ocean +$4.41B 27 Equatorial.Pacific-Ocean +$2.21B 27 Caribbean +$9.17B
28 N.Australia +$3.21B 28 N.Australia +$1.25B 28 Equatorial.Pacific-Ocean +$8.30B
29 Bay-of-Bengal +$1.88B 29 Bay-of-Bengal +$1.04B 29 New-Zealand +$6.18B
30 New-Zealand +$1.86B 30 New-Zealand +$1.02B 30 Bay-of-Bengal +$3.76B
31 Equatorial.Indic-Ocean +$1.21B 31 S.W.South-America +$0.86B 31 N.W.North-America +$3.03B
32 S.W.South-America +$0.83B 32 N.W.North-America +$0.68B 32 Equatorial.Indic-Ocean +$2.55B
33 N.Eastern-Africa +$0.65B 33 Equatorial.Indic-Ocean +$0.62B 33 S.W.South-America +$1.73B
34 N.W.North-America +$0.58B 34 Russian-Far-East +$0.37B 34 N.Eastern-Africa +$1.16B
35 S.Indic-Ocean +$0.52B 35 S.Indic-Ocean +$0.20B 35 S.Indic-Ocean +$0.93B
36 Greenland/Iceland +$0.25B 36 W.Southern-Africa +$0.10B 36 C.Australia +$0.70B
37 W.Southern-Africa +$0.20B 37 N.Atlantic-Ocean +$0.09B 37 Greenland/Iceland +$0.63B
38 Russian-Far-East +$0.19B 38 S.South-America +$0.07B 38 Russian-Far-East +$0.62B
39 N.Atlantic-Ocean +$0.18B 39 Greenland/Iceland +$0.06B 39 N.E.North-America +$0.54B
40 C.Australia +$0.17B 40 Equatorial.Atlantic-Ocean +$0.04B 40 W.Southern-Africa +$0.42B
41 Equatorial.Atlantic-Ocean +$0.08B 41 C.Australia +$0.01B 41 N.Atlantic-Ocean +$0.42B
42 S.South-America +$0.08B 42 S.Atlantic-Ocean +$0.01B 42 S.South-America +$0.18B
43 S.Atlantic-Ocean +$0.02B 43 N.Eastern-Africa +$0.01B 43 Equatorial.Atlantic-Ocean +$0.15B
44 Arabian-Sea +$0.01B 44 Arabian-Sea +$0.01B 44 S.Atlantic-Ocean +$0.04B
45 Arctic-Ocean +$0.00B 45 Arctic-Ocean +$0.00B 45 E.Europe +$0.03B
46 N.Pacific-Ocean +$0.00B 46 N.Pacific-Ocean +$0.00B 46 Arabian-Sea +$0.01B
47 S.Pacific-Ocean +$0.00B 47 S.Pacific-Ocean +$0.00B 47 Arctic-Ocean +$0.00B
48 Southern-Ocean +$0.00B 48 Southern-Ocean +$0.00B 48 N.Pacific-Ocean +$0.00B
49 N.E.North-America -$0.02B 49 N.E.North-America -$0.08B 49 S.Pacific-Ocean +$0.00B
50 Russian-Arctic -$0.20B 50 E.Europe -$0.18B 50 Southern-Ocean +$0.00B
51 E.Europe -$0.26B 51 Russian-Arctic -$0.20B 51 Russian-Arctic -$0.19B

Table A.13: Scenario of no additional adaptation - EAD 2100 – full rankings by region
(values show change relative to 2015 in billion US$/year ).
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Rank # Country Million People/yr Rank # Country Billion $US/yr

1 India 7.523 1 India 46.259
2 Vietnam 5.217 2 Japan 38.620
3 Bangladesh 3.710 3 Vietnam 31.985
4 Indonesia 2.754 4 Indonesia 29.166
5 Philippines 2.279 5 China 27.379
6 China 2.188 6 USA 17.930
7 Nigeria 2.146 7 Nigeria 17.467
8 Myanmar 1.709 8 Bangladesh 14.211
9 Japan 0.982 9 Philippines 13.471
10 Egypt 0.559 10 China Hong Kong SAR 9.731

Table A.14: Top 10 countries having the highest Expected Annual People Affected
(EAPA) (left) (Millions of people affected/year) and Expected Annual Damage (EAD)
(right) (billion $/year) for the present-day (2015).



Appendix 141

Rank # Country RCP 4.5 Rank # Country RCP 8.5

1 India +2.44 1 India +2.88
2 Egypt +1.39 2 Egypt +1.57
3 Vietnam +1.35 3 Vietnam +1.51
4 Bangladesh +0.71 4 Bangladesh +0.76
5 Indonesia +0.68 5 Indonesia +0.74
6 China +0.49 6 China +0.59
7 Nigeria +0.44 7 Nigeria +0.49
8 Philippines +0.37 8 Philippines +0.40
9 Myanmar +0.27 9 Myanmar +0.30
10 Japan +0.25 10 Japan +0.29

Table A.15: Scenario of no socio-economic change - EAPA 2050 – top 10 rankings by
country (change in M people affected/year, relative to 2015).

Rank # Country RCP 4.5 Rank # Country RCP 8.5

1 India +4.77 1 Vietnam +6.25
2 Vietnam +4.09 2 India +6.23
3 Egypt +3.04 3 Egypt +4.01
4 Indonesia +1.88 4 Indonesia +2.89
5 Bangladesh +1.82 5 Bangladesh +2.61
6 China +1.22 6 China +1.74
7 Nigeria +0.98 7 Nigeria +1.37
8 Philippines +0.85 8 Philippines +1.18
9 Myanmar +0.74 9 Myanmar +1.10
10 Japan +0.55 10 Japan +0.78

Table A.16: Scenario of no socio-economic change - EAPA 2100 – top 10 rankings by
country (change in M people affected/year, relative to 2015).
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Rank # Country RCP 4.5 Rank # Country RCP 8.5

1 Egypt +$19.46B 1 Egypt +$22.05B
2 India +$16.55B 2 India +$19.23B
3 USA +$10.34B 3 Japan +$12.07B
4 Japan +$10.33B 4 USA +$11.00B
5 Vietnam +$8.98B 5 Vietnam +$10.04B
6 Indonesia +$8.27B 6 Indonesia +$9.10B
7 China +$7.60B 7 China +$9.01B
8 Nigeria +$4.29B 8 Spain +$6.22B
9 Spain +$4.02B 9 Nigeria +$4.86B
10 Bangladesh +$2.77B 10 Bangladesh +$3.02B

Table A.17: Scenario of no socio-economic change - EAD 2050 – top 10 rankings by
country (change in billion US$/year, relative to 2015).

Rank # Country RCP 4.5 Rank # Country RCP 8.5

1 Egypt +$43.26B 1 Egypt +$53.45B
2 India +$34.82B 2 India +$48.24B
3 Vietnam +$28.22B 3 Vietnam +$44.52B
4 USA +$26.76B 4 USA +$37.53B
5 Japan +$25.10B 5 Japan +$37.08B
6 Indonesia +$22.69B 6 Indonesia +$35.85B
7 China +$20.20B 7 China +$30.96B
8 Spain +$12.30B 8 Nigeria +$15.32B
9 Nigeria +$10.55B 9 Spain +$13.88B
10 Bangladesh +$7.67B 10 Netherlands +$11.67B

Table A.18: – Scenario of no socio-economic change - EAD 2100 – top 10 rankings
by country (change in billion US$/year, relative to 2015).
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Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 India +2.10 1 India +4.49 1 India +2.07
2 Nigeria +1.65 2 Bangladesh +3.24 2 Nigeria +1.62
3 Bangladesh +1.50 3 Nigeria +2.84 3 Bangladesh +1.31
4 Egypt +0.34 4 Vietnam +1.51 4 Egypt +0.32
5 Vietnam +0.33 5 Egypt +0.81 5 USA +0.27
6 Mozambique +0.27 6 Indonesia +0.62 6 Mozambique +0.26
7 Brazil +0.19 7 Philippines +0.58 7 Vietnam +0.23
8 USA +0.19 8 Myanmar +0.50 8 Brazil +0.19
9 Pakistan +0.16 9 Mozambique +0.40 9 Pakistan +0.15
10 Yemen +0.13 10 Senegal +0.35 10 Kuwait +0.14

Table A.19: Scenario of constant flood probability - EAPA 2050 – top 10 rankings
by country (change in M people affected/year, relative to 2015).

Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 Nigeria +2.61 1 India +8.05 1 Nigeria +2.54
2 Mozambique +0.26 2 Nigeria +7.21 2 USA +0.51
3 USA +0.24 3 Bangladesh +4.35 3 Mozambique +0.24
4 Yemen +0.16 4 Philippines +1.95 4 Australia +0.24
5 United Republic of Tanzania +0.14 5 Egypt +1.39 5 Yemen +0.15
6 Pakistan +0.13 6 Vietnam +1.24 6 Canada +0.13
7 Ghana +0.12 7 Senegal +0.81 7 Kuwait +0.13
8 Australia +0.11 8 Mozambique +0.73 8 United Republic of Tanzania +0.12
9 Egypt +0.11 9 Myanmar +0.57 9 Pakistan +0.12
10 Kuwait +0.10 10 United Republic of Tanzania +0.44 10 Ghana +0.11

Table A.20: Scenario of constant flood probability - EAPA 2100 – top 10 rankings
by country (change in M people affected/year, relative to 2015).
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Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 India +$247.04B 1 India +$103.55B 1 India +$322.88B
2 Vietnam +$106.50B 2 Vietnam +$60.51B 2 Vietnam +$140.43B
3 Bangladesh +$88.59B 3 Bangladesh +$39.90B 3 Bangladesh +$116.95B
4 China +$83.20B 4 China +$35.00B 4 China +$110.44B
5 Indonesia +$79.05B 5 USA +$25.60B 5 Indonesia +$107.96B
6 Nigeria +$54.56B 6 Indonesia +$23.75B 6 Nigeria +$75.32B
7 Philippines +$30.76B 7 Nigeria +$19.92B 7 Japan +$48.21B
8 Japan +$30.43B 8 Kuwait +$12.17B 8 Philippines +$42.53B
9 USA +$28.28B 9 Egypt +$11.68B 9 USA +$41.39B
10 Egypt +$18.69B 10 Philippines +$11.56B 10 Egypt +$23.28B

Table A.21: Scenario of constant flood probability - EAD 2050 – top 10 rankings by
country (change in billion US$/year, relative to 2015).

Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 India +$652.32B 1 India +$238.47B 1 India +$1,111.76B
2 Nigeria +$469.37B 2 Nigeria +$179.21B 2 Nigeria +$786.05B
3 Bangladesh +$263.97B 3 Vietnam +$150.63B 3 Bangladesh +$422.97B
4 Vietnam +$223.54B 4 Bangladesh +$123.21B 4 Vietnam +$375.19B
5 Indonesia +$180.19B 5 Philippines +$72.93B 5 Indonesia +$310.94B
6 Philippines +$120.05B 6 Indonesia +$46.25B 6 Philippines +$204.75B
7 China +$71.84B 7 Egypt +$40.16B 7 Japan +$161.96B
8 Mozambique +$66.83B 8 China +$33.22B 8 USA +$148.11B
9 USA +$55.08B 9 Malaysia +$23.94B 9 China +$132.32B
10 Japan +$54.20B 10 USA +$22.01B 10 Mozambique +$112.71B

Table A.22: Scenario of constant flood probability - EAD 2100 – top 10 rankings by
country (change in billion US$/year, relative to 2015).
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Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 India +5.57 1 India +8.77 1 India +6.19
2 Bangladesh +2.59 2 Bangladesh +4.78 2 Egypt +2.68
3 Egypt +2.38 3 Nigeria +3.90 3 Bangladesh +2.43
4 Nigeria +2.36 4 Egypt +3.73 4 Nigeria +2.43
5 Vietnam +1.84 5 Vietnam +3.55 5 Vietnam +1.89
6 Indonesia +0.71 6 Indonesia +1.51 6 Indonesia +0.74
7 USA +0.55 7 Philippines +1.02 7 USA +0.69
8 Mozambique +0.40 8 Myanmar +0.88 8 Mozambique +0.40
9 Brazil +0.39 9 Mozambique +0.57 9 Brazil +0.39
10 Myanmar +0.35 10 Senegal +0.55 10 Japan +0.39

Table A.23: Scenario of no additional adaptation - EAPA 2050 – top 10 rankings by
country (change in M people affected/year, relative to 2015).

Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 India +4.81 1 India +19.60 1 India +6.22
2 Nigeria +4.72 2 Nigeria +12.93 2 Nigeria +5.38
3 Egypt +4.07 3 Egypt +12.42 3 Egypt +4.93
4 Bangladesh +1.41 4 Bangladesh +9.97 4 USA +2.37
5 USA +1.18 5 Vietnam +8.53 5 Bangladesh +1.81
6 Vietnam +0.63 6 Philippines +3.96 6 Vietnam +1.67
7 Mozambique +0.51 7 Indonesia +3.49 7 Indonesia +0.82
8 Spain +0.41 8 Myanmar +2.04 8 Japan +0.71
9 Brazil +0.33 9 Senegal +1.72 9 Spain +0.67
10 Pakistan +0.32 10 Mozambique +1.34 10 Mozambique +0.58

Table A.24: Scenario of no additional adaptation - EAPA 2100 – top 10 rankings by
country (change in M people affected/year, relative to 2015).
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Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 India +$371.62B 1 India +$166.28B 1 India +$503.85B
2 Vietnam +$147.23B 2 Vietnam +$90.53B 2 Vietnam +$196.61B
3 China +$116.96B 3 Egypt +$79.19B 3 China +$160.16B
4 Bangladesh +$109.46B 4 China +$57.32B 4 Egypt +$149.51B
5 Indonesia +$108.76B 5 USA +$53.56B 5 Indonesia +$149.00B
6 Egypt +$106.04B 6 Bangladesh +$51.49B 6 Bangladesh +$146.05B
7 Nigeria +$71.65B 7 Indonesia +$39.94B 7 Nigeria +$100.17B
8 USA +$57.87B 8 Nigeria +$29.97B 8 USA +$81.36B
9 Japan +$50.92B 9 Japan +$18.61B 9 Japan +$77.68B
10 Philippines +$39.51B 10 Philippines +$17.08B 10 Philippines +$54.69B

Table A.25: Scenario of no additional adaptation - EAD 2050 – top 10 rankings by
region (change in billion US$/year, relative to 2015).

Rank # Country SSP1 Rank # Country SSP3 Rank # Country SSP5

1 India +$1,268.65B 1 India +$514.21B 1 India +$2,453.15B
2 Nigeria +$755.57B 2 Egypt +$483.36B 2 Nigeria +$1,471.04B
3 Egypt +$541.34B 3 Vietnam +$376.56B 3 Egypt +$1,025.65B
4 Vietnam +$442.06B 4 Nigeria +$345.34B 4 Vietnam +$904.60B
5 Bangladesh +$424.42B 5 Bangladesh +$228.54B 5 Bangladesh +$803.75B
6 Indonesia +$348.96B 6 Indonesia +$139.04B 6 Indonesia +$730.95B
7 Philippines +$188.54B 7 Philippines +$137.04B 7 USA +$522.89B
8 USA +$173.38B 8 USA +$108.32B 8 Philippines +$368.15B
9 China +$150.84B 9 China +$106.01B 9 Japan +$362.01B
10 Japan +$118.92B 10 Malaysia +$62.23B 10 China +$324.41B

Table A.26: Scenario of no additional adaptation - EAD 2100 – top 10 rankings by
country (change in billion US$/year, relative to 2015).
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Rank # Country RCP4.5-SSP1 Rank # Country RCP8.5-SSP3 Rank # Country RCP8.5-SSP5

1 Vietnam 8.6 1 Vietnam 9.8 1 Vietnam 8.8
2 Myanmar 5.9 2 Mauritania 7.9 2 Mauritania 8.3
3 Guyana 4.9 3 Myanmar 6.2 3 Myanmar 6.0
4 Mauritania 4.9 4 Bangladesh 5.3 4 Guyana 5.4
5 Bangladesh 4.7 5 Guyana 5.0 5 Bangladesh 4.8
6 Kuwait 3.5 6 Egypt 3.9 6 Egypt 3.9
7 Egypt 3.3 7 Gabon 3.7 7 Kuwait 3.7
8 Guinea-Bissau 3.1 8 China Hong Kong SAR 3.5 8 Guinea-Bissau 3.2
9 Fiji 2.9 9 Kuwait 3.3 9 Fiji 3.1
10 China Hong Kong SAR 2.9 10 Guinea-Bissau 3.3 10 China Hong Kong SAR 2.9
11 China Macao Kong SAR 2.8 11 Senegal 3.1 11 Senegal 2.8
12 Senegal 2.8 12 Solomon Islands 2.7 12 China Macao Kong SAR 2.8
13 Solomon Islands 2.7 13 Fiji 2.6 13 Solomon Islands 2.8
14 Mozambique 2.7 14 Bahamas 2.6 14 Mozambique 2.7
15 Gabon 2.6 15 Mozambique 2.5 15 Gabon 2.7
16 Singapore 2.3 16 Cyprus 2.4 16 Bahamas 2.4
17 Bahamas 2.3 17 Suriname 2.3 17 Philippines 2.3
18 Philippines 2.3 18 Philippines 2.2 18 Singapore 2.3
19 Tunisia 2.0 19 Singapore 2.0 19 Tunisia 2.0
20 Suriname 1.9 20 Nigeria 1.8 20 Suriname 2.0
21 Cyprus 1.9 21 Tunisia 1.7 21 Cyprus 1.9
22 Brunei Darussalam 1.9 22 Belgium 1.7 22 Brunei Darussalam 1.9
23 Nigeria 1.8 23 Brunei Darussalam 1.6 23 Nigeria 1.8
24 Belgium 1.7 24 Taiwan 1.6 24 Belgium 1.7
25 Indonesia 1.5 25 Indonesia 1.5 25 Indonesia 1.5
26 Taiwan 1.5 26 Guinea 1.5 26 Taiwan 1.5
27 Bahrain 1.5 27 Belize 1.5 27 Bahrain 1.5
28 Puerto Rico 1.4 28 Denmark 1.5 28 Puerto Rico 1.4
29 Japan 1.4 29 Bahrain 1.5 29 Japan 1.4
30 Guinea 1.3 30 Japan 1.4 30 Denmark 1.4
31 Denmark 1.3 31 Sierra Leone 1.3 31 Guinea 1.3
32 Papua New Guinea 1.2 32 Malaysia 1.2 32 Papua New Guinea 1.2
33 Sierra Leone 1.2 33 Papua New Guinea 1.2 33 Sierra Leone 1.2
34 India 1.1 34 Ireland 1.2 34 India 1.2
35 Belize 1.1 35 Ecuador 1.2 35 Gambia 1.2
36 Ireland 1.1 36 Puerto Rico 1.1 36 Belize 1.2
37 Malaysia 1.1 37 India 1.1 37 Malaysia 1.1
38 Gambia 1.1 38 Australia 1.0 38 Ireland 1.1
39 Ghana 1.0 39 Thailand 1.0 39 Ghana 1.1
40 Thailand 1.0 40 Libya 1.0 40 Thailand 1.0
41 Ecuador 1.0 41 Gambia 1.0 41 Ecuador 1.0
42 Uruguay 1.0 42 Ghana 1.0 42 Uruguay 1.0
43 Libya 0.9 43 Spain 0.9 43 Libya 0.9
44 Australia 0.9 44 Uruguay 0.9 44 Australia 0.9
45 Djibouti 0.8 45 Togo 0.9 45 Djibouti 0.8
46 Yemen 0.8 46 Tonga 0.8 46 Albania 0.8
47 Panama 0.7 47 Albania 0.8 47 Spain 0.8
48 Comoros 0.7 48 Panama 0.8 48 Yemen 0.8
49 Spain 0.6 49 Jamaica 0.7 49 Panama 0.7
50 Sweden 0.6 50 Benin 0.6 50 Comoros 0.7

Table A.27: Scenario of no additional adaptation - EAD 2050 – top 50 rankings by
country (EAD as a percentage of GDP).
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Rank # Country RCP4.5-SSP1 Rank # Country RCP8.5-SSP3 Rank # Country RCP8.5-SSP5

1 Guyana 11.7 1 Guyana 16.6 1 Guyana 17.7
2 Vietnam 11.6 2 Vietnam 16.3 2 Vietnam 14.3
3 Mauritania 9.5 3 Mauritania 10.4 3 Mauritania 11.0
4 Myanmar 7.5 4 Myanmar 9.2 4 Myanmar 8.6
5 Egypt 6.9 5 Egypt 8.4 5 Egypt 8.2
6 Bangladesh 5.7 6 Bangladesh 7.6 6 Fiji 7.0
7 Fiji 5.6 7 Gabon 6.5 7 Bangladesh 6.7
8 Gabon 4.3 8 Guinea-Bissau 5.9 8 China Macao Kong SAR 6.4
9 Kuwait 4.2 9 China Macao Kong SAR 5.5 9 Guinea-Bissau 5.6
10 Guinea-Bissau 4.2 10 Fiji 5.4 10 Gabon 5.3
11 China Macao Kong SAR 4.1 11 Suriname 4.7 11 Suriname 4.9
12 Suriname 3.6 12 Senegal 4.6 12 Kuwait 4.7
13 Senegal 3.5 13 Bahamas 4.4 13 Gambia 4.2
14 Mozambique 3.4 14 Kuwait 4.3 14 Senegal 4.1
15 China Hong Kong SAR 3.2 15 China Hong Kong SAR 3.8 15 Mozambique 4.0
16 Solomon Islands 3.0 16 Gambia 3.6 16 Bahamas 3.8
17 Bahamas 3.0 17 Mozambique 3.5 17 China Hong Kong SAR 3.3
18 Philippines 2.7 18 Solomon Islands 3.4 18 Solomon Islands 3.3
19 Singapore 2.6 19 Belgium 3.2 19 Philippines 3.1
20 Tunisia 2.4 20 Philippines 3.2 20 Belgium 3.0
21 Brunei Darussalam 2.3 21 Sierra Leone 3.1 21 Sierra Leone 2.9
22 Sierra Leone 2.2 22 Cyprus 2.7 22 Tunisia 2.7
23 Gambia 2.2 23 Denmark 2.7 23 Singapore 2.6
24 Nigeria 2.2 24 Indonesia 2.5 24 Puerto Rico 2.6
25 Cyprus 2.1 25 Nigeria 2.5 25 Nigeria 2.5
26 Puerto Rico 2.1 26 Singapore 2.4 26 Indonesia 2.5
27 Indonesia 2.0 27 Brunei Darussalam 2.2 27 Brunei Darussalam 2.5
28 Taiwan 1.9 28 Taiwan 2.2 28 Denmark 2.4
29 Denmark 1.9 29 Guinea 2.2 29 Taiwan 2.2
30 Japan 1.9 30 Tunisia 2.2 30 Japan 2.2
31 Belgium 1.8 31 Malaysia 2.2 31 Cyprus 2.2
32 Bahrain 1.7 32 Puerto Rico 2.1 32 Thailand 2.0
33 Albania 1.6 33 Belize 2.1 33 Bahrain 1.9
34 Guinea 1.6 34 Japan 2.0 34 Belize 1.9
35 Papua New Guinea 1.6 35 Bahrain 2.0 35 Guinea 1.8
36 Thailand 1.6 36 Thailand 2.0 36 Albania 1.8
37 Belize 1.5 37 Spain 1.9 37 Malaysia 1.8
38 India 1.5 38 Albania 1.8 38 Papua New Guinea 1.8
39 Spain 1.5 39 Ecuador 1.7 39 Uruguay 1.8
40 Malaysia 1.4 40 Papua New Guinea 1.7 40 India 1.7
41 Uruguay 1.4 41 Uruguay 1.7 41 Netherlands 1.6
42 Ghana 1.3 42 Netherlands 1.7 42 Ecuador 1.5
43 Ireland 1.3 43 India 1.5 43 Spain 1.5
44 Ecuador 1.3 44 Ireland 1.5 44 Ghana 1.5
45 Libya 1.2 45 Australia 1.5 45 Ireland 1.4
46 Australia 1.0 46 Ghana 1.3 46 Libya 1.3
47 Yemen 1.0 47 Libya 1.3 47 Australia 1.2
48 Djibouti 0.9 48 Tonga 1.3 48 Benin 1.1
49 Panama 0.9 49 Togo 1.2 49 Panama 1.1
50 Cambodia 0.8 50 Panama 1.2 50 Cambodia 1.1

Table A.28: Scenario of no additional adaptation - EAD 2100 – top 50 rankings by
country (EAD as a percentage of GDP).
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